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Introduction
1.1 Genome projects: a long and winding road
Genome projects are multi-disciplinary, complex, time-consuming and very ex-
pensive endeavors and can only lead to novel discoveries by the joined efforts
of a large team of experts in different fields, from the biology of the organism
studied to technological advances in sequencing and data analysis. Using the Hu-
man Genome Project (HGP) as an example, it is often described as the Manhattan
project in Life Science with the international 13-year effort to decode the 3 billion
DNA of the human genome. To finish the HGP, researchers from molecular biol-
ogy, genetics, computer science, computational biology were working together
and a tremendous amount of research resources were pooling into the project.
This work brought us a near finished human genome sequence. With a reference
genome sequence in hand, researchers can easily identify and sequence the gene
of interests and comparing between different individuals. It is unthinkable for cur-
rent graduate students how research works were done before the available of the
genome sequence. However, it is often observed that genome projects are not run
in an optimal way, for different reasons. In this introductory Chapter, based on my
own experience, I would like to discuss the different caveats of genome projects
and propose a blueprint for how genome projects ideally might be handled.
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1.1.1 What is a genome project?
Before describing the most recent sequencing technologies and computational
tools applied in genome projects, let me briefly explain what a genome is and what
it contains. The genome is the genetic blueprint of an organism and contains all
the information that defines it. This information is encrypted in chromosomes that
normally consist of deoxyribonucleic acid (DNA) but in few cases RNA viruses
have ribonucleic acid (RNA) as their information carrier. DNA is composed of
four different nucleotides, Adenine (A), Guanine (G), Cytosine (C) and Thymine
(T). For example, a human haploid genome contains approximately three billion
nucleotides scattering on 23 chromosomes [1]. Each chromosome contains many
genes, which carry all instructions for a living organism to function. Certain re-
gions, referred to as protein-coding genes, the DNA will be transcribed into RNA
and later translated to an amino acid sequence (Figure 1.1) (the alternative splicing
is discussed in Chapter 6). In the past, protein-coding genes gained most atten-
tion because they could relatively easy be associated with phenotypic and genetic
changes. The non-coding genes and different types of small/long RNA fragments
were later recognized also involved in the regulation of many biological processes.
The main object of a genome project is to identify all genes (coding or non-coding
genes) and to understand their function.
De novo genome sequencing projects
In a de novo genome sequencing project, first of all, one needs to assemble the
correct order of nucleotides. In DNA sequencing, DNA fragments have been ran-
domly sampled multiple times, after which one tries to gradually connect pieces
of DNA fragments into whole chromosomes. Computer programs – de novo as-
semblers, have been developed to facilitate the process of linking DNA fragments
into a long consensus sequence, which is then called the reference sequence. The
principle of the assembly programs will be explained in Chapter 1.3. Based on
the genome sequencing strategies, there are two main approaches in the genome
sequencing project: the clone-based and the whole-genome shotgun (WGS) se-
quencing method.
In the clone-based approach, the whole genome sequence is first randomly
sheared into pieces with sequence lengths around 100 kb to 3000 kb, after which
they are inserted into vectors such as bacteriophage (PAC, P1-derived artificial
chromosome), plasmid of bacteria (BAC, bacteria artificial chromosome) or yeast
2
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Figure 1.1: Structure of a eukaryotic protein-coding gene. The protein-coding gene is
defined by a genomic region that is expressed into two steps: transcription and translation.
The side where transcription begins is called 5′ end and the side where it stop is called 3′.
The 5′/3′ untranslated region is only present in the messenger RNA (mRNA) but not in
the protein product. Most of the genomics sequences of eukaryote genes are interrupted by
introns. Introns usually begin with GT/GC and end with AG (the GT-AG rule) and they are
spliced out by small nuclear ribonucleoproteins (snRNPs) complex during the transcription
into the mRNA. mRNA is further translated into protein sequence. The coding region (CDS)
begins with the initial codon (ATG) and ends with one of the three termination codons
(TAA, TAG or TGA).
(YAC, yeast artificial chromosome). The ‘fingerprints’ of each clone are gener-
ated based on a series of enzyme digestion patterns. The physical map with the
tentative clones order on the genome sequence is usually obtained by reconstruct-
ing those fingerprints. In order to reduce the sequencing cost, only clones on the
minimum tiling path were selected. It is a time-consuming and costly method.
Only a limited number of high-quality whole genome sequencing projects such as
Human [1], Arabidopsis [2], Rice [3] and few model organisms were based on this
painstaking method.
Genome resequencing projects
In a genome resequencing project, the reference genome is already available
and researchers sequence different strains of the same species or a closely related
species. Reads are mapped onto the reference genome in order to identify sin-
gle nucleotide variations, insertions, deletions or structural variations, which all
might reflect important genetic differences of strains. The number of resequenc-
ing projects has been largely expanded in recent years because of the increase of
available reference genomes and the drop in sequencing cost.
3
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1.1.2 Genome structure and organization
The ploidy level of an organism
In order to correctly decode the DNA sequence of an organism, one must has
the basic understanding of its life form. For instance, the ploidy level represents
the number of chromosomes in a cell. The haploid number (n) refers to the number
of chromosomes in a gamete while diploid (2n) cells have two copies of chromo-
somes for each pair. For example: human sperm or ova cells are haploid with 23
chromosomes (n=23) while somatic cells are diploid and contain 46 chromosomes
(2n=46). Except the allosome containing the X and Y chromosomes, autosomes
are composed by a pair of chromatids. Sequence polymorphisms and structure
variations between individuals provide valuable information for diagnosis in ge-
netic diseases and for ecological studies. However, it will cause major problems
in the subsequent genome assembly and further downstream analyses. In a stan-
dard assembly procedure (the process that tries to merge individual sequence reads
into a long stretch of sequence), a haplotype region from a diploid genome will be
assembled into two independent fragments because the sequence variation prohib-
ited the assembly program to merge them. Therefore, to reduce the ambiguity of
genome sequence assembly, it is recommended to sequence the haploid genomic
DNA. The homogeneous DNA sequences will assure the assembly program only
needs to assemble reads from the same allele.
Of practical importance to determine the ploidy level before the sequencing
project is also the sequencing cost. For a diploid genome, a higher number of se-
quencing reads is required to obtain sufficient consensus sequence coverage. As
a result, the cost of sequencing will increase as well as the amount of input data
for genome assembly. For a large eukaryotic genome project, the demand of the
computational infrastructure to handle the de novo assembly grows exponentially
with the increase of input data. However, unfortunately, it is not always possible
to obtain the haploid stage material for some organisms, since they either lack the
sexual life form or since it has been impossible to observe the meiosis stage under
laboratory conditions. To obtain a good genome assembly on a diploid genome, it
requires extra efforts to modify assembly software which depends on the polymor-
phism rate of the genome. For instance, the human pathogen Candida albicans is
a diploid yeast with no known haploid phase. The diploid genome was obtained by
4
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merging the PHRAP assembly result into a good agreement with available physical
mapping data [4]. The sequenced Melampsora larici-populina strain 98AG31 is
also a diploid strain but contains a very low polymorphism rate (< 1 SNP/kb). Very
small fractions of the diploid contigs (total < 1Mb for the 100 Mb genome) were
assembled apart from the main genome [5]. On the contrary, the Emiliania huxleyi
genome poses more problems. This tiny marine haptophyte has many unexpected
small repeats dispersed around coding and non-coding regions. The choice of the
diploid CCMP1516 strain further hampered the genome assembly. The failure to
obtain a proper genome assembly resulted in many chimeric scaffolds and caused
the prediction of a considerable number of fragmented genes.
Furthermore, the domestication or the complex evolutionary history of an or-
ganism can further complicate a sequencing project. For instance, the cultivar
strawberry Fragaria x ananassa is one of the most complex crop plants and is con-
sidered to be impossible to sequence or correctly assemble. Fragaria x ananassa
contains eight sets of chromosomes (2n = 8x = 56), which were derived from
as many as four different diploid ancestors. By carefully selecting another culti-
vated species F. vesca ssp. vesca, the diploid genome (2n = 14) with an estimated
genome size of 240 Mb was sequenced and assembled into seven pseudochromo-
somes [6].
Genome size
Knowing the genome size in terms of numbers of base pairs is a basic require-
ment when applying for funding a genome project. A practical reason to know
the genome size in advance is to estimate the required number of sequence reads
to cover the whole genome. Indeed, the cost and the difficulty of a sequencing
project is directly correlated with the genome size. The genome size is often re-
ferred to by the ‘C-value’ (1C for a haploid genome). The value is commonly
measured by pulsed field gel electrophoresis (PFGE) [7], real-time quantitative
PCR [8], flow cytometry [9] or Feulgen densitometry [10] and is represented by
the unit, picograms (1 pg = 10−12 g = 978 Mb). There are several databases avail-
able with a comprehensive collection of estimated genome sizes in animal, plant
and fungi [11]. Noteworthy, there is no direct correlation of the genome size and
the complexity (gene number) of an organism. This observation is known as the
‘C-value paradox’. This is largely explained by the presence of non-coding DNA,
especially transposable elements (Figure 1.2), which often occupy the largest part
of the higher eukaryotic genome. The review paper from Gregory T. R. discussed
5
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the progress of genome size measurement and the relation of genome size, genome
structure and evolution [12].
Figure 1.2: The relative contributions of two key components of eukaryotic genomes.
The relationships between haploid genome size and the percentage of the genome that con-
sists of protein-coding genes (white circles) and transposable elements (black circles) are
shown. The data are based on species that have been the subject of large-scale sequencing
studies. Larger genomes contain proportionately fewer genes and more transposable ele-
ments than small genomes. A log1 0 (x + 1) transformation was used because some tiny
genomes contain no recognizable transposable elements. [12].
The arbuscular mycorrhizal (AM) symbiosis fungus Glomus intraradices rep-
resents a special case where the estimated genome size does not correlate with the
observed size obtained by sequencing. The coenocytic hyphae (multi-nuclei in the
same hyphae) contain many different nuclei in one cell. Furthermore, the genome
contains many short repeat sequences, which prohibits existing assembly software
to distinguish alleles correctly. The genome assembler is hindered by the highly
polymorphic genomic sequences. The genome size of G. intraradices was ini-
tially estimated to be about 14∼16.5 Mb in size by flow cytometry but it inflated
to 80∼150 Mb after sequence assembly and we still cannot obtain a confidence
assembly at this moment [13].
6
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1.1.3 Pilot projects of genome sequencing
Expressed Sequence Tags (ESTs)
Before the start of sequencing a complete genome, different types of sequenc-
ing projects are conducted beforehand or are done in parallel. Expressed genes
in the cell are represented by the messenger RNA (mRNA), which have a fast
degradation rate and are unable to be cloned directly. In order to determine the
sequence, mRNA is reverse transcribed to double-stranded complementary DNA
(cDNA). cDNA sequences normally only represent partial (tag) information of the
expressed gene because the short life time of mRNA and the inefficiency of the
reverse transcriptase to convert the full length mRNA into cDNA. An expressed
sequence tag (ESTs) library is a collection of expressed genes in a given growth
condition. Due to the sampling bias of the under-representation of rare transcripts,
less than 60% [14] of transcripts from an organism can generally be sampled.
However, sequencing the coding-genes is less expensive than the whole genome
sequencing. ESTs sequencing is therefore widely used as a relative inexpensive
approach to get an idea about the gene content.
Because ESTs only contain parts of expressed genes, researchers tend to com-
pile overlapping ESTs from the same transcript into a unigene cluster. Presenting
the EST information as unigenes reduces the sequence redundancy and accumulate
longer sequence lengths, which can provide more informative sequence alignment
results. However, merging multiple ESTs with a ‘loose’ clustering method into one
consensus sequence is a risk because paralogous genes can be clustered together
this way. However, a very stringent sequence clustering method suffers from the
low ESTs sequence quality and tends to produce shorter unigenes. Comparing
unigenes to a curated protein database will help to obtain a clear picture of the
complete gene landscape.
Molecular and genetic markers
A genetic (linkage) map provides the recombination frequency of genetic mark-
ers in the organism. Genetic markers are broadly defined as DNA fragments,
which follow the Mendelian inheritance. Crossing-over between chromosomes
only happens in meiosis where chromosome pairs from two gametes exchange
DNA segments to form a new chromosome template. Therefore, species without
observed sexual cycle such as many fungi for which genetic crossing could not
be handle in the lab do not have genetic maps. Commonly used molecular mark-
7
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ers to build the genetic maps include restriction fragment length polymorphisms
(RFLPs), microsatellite (simple sequence repeats, SSR), single-nucleotide poly-
morphism (SNPs), amplified fragment length polymorphisms (AFLPs) or random
amplified polymorphic DNA (RAPD) markers [15]. A genetic map provides a
higher-order information of genome organization but does not represent the phys-
ical distance between two genes.
A physical map defines the physical properties of chromosomes based on their
molecular signatures. The physical map is constructed based on the molecular
signatures of the chromosomes. DNA fragments from chromosomes are digested
into smaller fragments by restriction enzymes, which shows a unique digestion
pattern for each DNA fragment. The whole chromosome is reconstructed by join-
ing DNA fragments with overlapping digestion pattern (Finger Printed Contigs,
FPC) [16]. In order to obtain a higher resolution of the physical map, one can fur-
ther sequence a subset of DNA fragments by Genome survey sequencing (GSS)
or BAC-end sequencing (BES). By combining the FPC and BES data, a blueprint
of the genome sequence can be defined. In a higher eukaryotic genome sequenc-
ing project, the combination of the whole-genome shotgun sequencing and a well
established physical map can help to resolve the assembly problem in the trans-
posable element rich area. Furthermore, with the help of fiber FISH (fluorescent in
situ hybridization) technique, the architecture of centromere region can be prop-
erly defined. In a small eukaryotic genome, for instance in Pichia pastoris, it is
possible to assign marker genes onto chromosomes with southern hybridization
and subsequently assembled the whole genome by anchoring contigs with marker
genes [17].
1.2 Genome sequencing – a fast moving field
1.2.1 The history of nucleotide sequencing
As described earlier, one of the main aims of a genome project is to determine
the order of nucleotides in the DNA sequence. Here I will give an overview of
sequencing methods, from the very first methods to the latest developments and
their applications.
Nucleotide sequencing started to boom in the 1970s. Many laboratories around
the world were developing and experimenting with different sequencing methods.
RNA sequencing was one of the earliest forms of nucleotide sequencing. During
8
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1972 to 1976, Walter Fiers at Ghent University first determined the coat protein of
bacteriophage MS2 after which he finished the first complete genome sequence of
bacteriophage MS2 RNA with 3,569 nucleotides in length [18].
In 1977, Allan Maxam and Walter Gilbert published the Maxam-Gilbert DNA
sequencing method, also called ’chemical sequencing’ [19]. In this method, the
DNA sequence is first digested by restriction enzymes into small fragments. Then,
radioactive phosphate is labeled onto the 5’ phosphate of each fragments. The
end-labeled DNA fragments are placed in four separate tubes with A, T, G and C
base specific chemicals to weaken and break the base to the backbone of the DNA
molecule. DNA fragments are then separated by gel electrophoresis and the DNA
sequence can be read from the autoradiogram. The Maxam-Gilbert method uses
hazardous chemicals and it is difficult to scale up.
Frederick Sanger introduced the chain termination method (also known as the
Sanger method) and completed the bacteriophage phiX174 DNA sequence in 1977
[20]. A single-stranded DNA fragment is added into four separate sequencing re-
action tubes with DNA polymerase, primer and four standard deoxynucleotide
(dNTP). In each tube, only one type of dideoxynucleotide triphosphates (ddNTPs)
is added as the DNA chain terminators. DNA fragments are synthesized and elon-
gated until a dideoxynucleotide is occasionally incorporated to stop the DNA elon-
gation. The newly synthesized DNA fragment can be directly read-out under the
UV light or by autoradiography.The Sanger method became the main stream se-
quencing principle because it does not require the use of restriction enzymes and
uses fewer steps than the Maxam-Gilbert method.
1.2.2 The first generation of high-throughput sequencing meth-
ods
The first breakthrough in terms of the sequencing throughput was the use of dye
terminator to label the chain terminator ddNTPs. Each ddNTP terminator is la-
beled with different fluorescent dyes emitting light at different wavelengths. One
DNA fragment can now be sequenced in one lane instead of separating in four
lanes as in the original Sanger’s method. A laser excites the dyes on the DNA
fragments and the signal can be detected by the optical system on the sequencing
instrument. The result is recorded by the computer as a chromatogram, or trace
data, where the colored peaks are corresponded to the nucleotide in that location
of the sequence [21].
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The capillary electrophoresis later replaced the slab gel lane for DNA frag-
ment separation [22]. DNA fragments migrate from the sample poll to the fluo-
rescent detector through the capillary tubes. This method reduced the gel prepa-
ration time and the uniformity of the capillary quality improved the sequencing
accuracy. The whole sequencing process is controlled by computer programs and
the sequencing cost was reduced to around one base per dollar. The automatic
Sanger method capillary sequencing is therefore often referred to as the first gen-
eration high throughput sequencing technology and became the dominant method
for more than a decade.
However, in the early 1990s, there was no existing software tool to automate
the trace data processing. The sequenced image – trace file, required lots of hu-
man involvement in base calling and error correction. Human intervention slowed
down the data processing pace and the processed data was inconsistent between re-
viewers. Furthermore, the base error probability was poorly understood. Different
sequencing chemistries, machine running conditions, electrophoretic conditions
and base positions in reads require different error probability models to access the
correct base-calls. It was not until 1998 when Philip Green released the first base-
calling program, phred, that the trace data from the automatic sequencer can be
processed by the program without human intervening [23]. In addition to this, the
program estimates the base error probability score from the trace data [24]. The
phred score provides a standard method to present the sequencing base quality and
is widely accepted for different sequencing platforms. For instance, it is common
to use the quality score (Q-score) to measure the confidence in that base, and a
quality score of 20 indicates a 1% chance of error and thus 99% confidence (Q30
has 99.9% accuracy).
Thanks to continuous improvements to the reagents, instruments and software,
the automated capillary sequencing machine can now provide reliable base calling
and long sequence reads. By setting up genome centers and employing automatic
sequencers at large-scale in these institutes around the world, the capillary se-
quencing machines brought the success and draft completion of the human genome
[1], the Arabidopsis genome [2], the rice genome [3] and a handful genomes of so
called model organisms. However, the Sanger sequencing method requires long
sample preparation time, a large amount of starting material, reagents and label-
ing chemistries. During the Human Genome Project, Celera equipped more than a
hundred Applied Biosystems’ (ABI) 3700 sequencers and produced 175,000 reads
per day [25]. It still took 13 years to sequence the entire human genome. After
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serving as the sequencing horsepower in the large sequencing facilities for more
than a decade, the automatic capillary sequencers were gradually phasing out from
the genome sequencing projects. For instance, JGI retired the last ABI’s 3730xl
machine in October 2010. However, despite though the relatively low throughput
compared with the newer methods (see further), the robust Sanger method is still
widely used in experiment validations now a days.
1.2.3 Sequencing read types
Because of the limitations of the sequencing technology, the mean read length of
the capillary sequencer is up to 1000 bases. Therefore, the long DNA fragments are
randomly sheared into small pieces and each small piece is completely or partially
sequenced. There are three types of reads for further discussion. The single-end
read is the simplest type, in which each fragment is sequenced from one end.
Depending on the sequencing method and the fractionated nucleotide fragment
size, a single-end read might read through the whole fragment or only cover one
end of the fragment. The paired-end read refers to the fragment sizes between
200 bp and 500 bp. Nucleotide fragments are fractionated to a fix length and both
ends of each fragment are sequenced. The mate-pair read produces sequences
from both ends with fragment (insert) sizes between 2.5 kb and 20 kb. One end
of the fragment is tagged with a linker and is circularized. The circular fragment
is broken on either side of the linker and the linker fragment is sequenced (Figure
1.3).
1.2.4 The new high-throughput sequencing methods
The introduction of the new generation high-throughput sequencing methods (com-
monly called NGS, next (now, new) -generation sequencing) brought an unprece-
dented pace of data collection. For instance, one Roche/454 run can generate more
than 0.45 Gb of usable data with little starting genomic DNA material (0.1∼5 µg).
Moreover, NGS does not only change the sequencing method but also challenges
the traditional way of conducting biological studies. These have changed from
a pure hypotheses-driven approach to the mixture of the hypotheses-driven plus
the large-scale, data-harvest methods [26]. Following is the summary of the most
popular sequencing platforms (Table 1.1).
Roche/454
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Figure 1.3: Illustration of different read types. (a) Long single end read. The single
read covers the whole DNA fragment (b) short single end read. One single read only covers
one end of the DNA fragment. (c) paired-end read. A paired-end read gives you sequence
from both ends of each fragment. (d) mate pair read. Large fragments (500 - 20,000 bp,
depending on the experiment) are tagged with a marker, circularized, and then broken on
either side of the marker. Modified from HudsonAlpha 1
.
The Roche/454 pyrosequencing machine was the first so-called ‘new-generation’
sequencing technology on market [27]. The initial read length (GS-20, 2005) was
∼100 bp but has doubled every 18 months ever since. The latest commercialized
model (GS-FLX Titanium, 2009) can reach average read lengths >400 bp while
the Roche company can offer average read lengths of 800 bp sequencing service in
their headquarter (Roche, personal communication). The 454 system is based on
cyclic array sequencing. DNA templates are nebulized and size-selected to pro-
duce double-strand fragments. Adapters with universal priming sites are ligated
to each end and are enriched by emulsion Polymerase Chain Reaction (emPCR).
One to two million 28-beads from emPCRs are randomly deposited into individual
titanium coated PicoTiterPlate (PTP) wells (Figure 1.4). During pyrosequencing,
each cycle consists of the introduction of a single nucleotide species, followed
by an addition of the substrate (luciferin, adenosine 5’ -phosphosulfate) to drive
light production at wells where polymerase-driven incorporation of that nucleotide
took place. The fluorescence signal is captured by a charge-coupled device (CCD)
camera. Because there is no terminator nucleotide to prevent multiple consecutive
12
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incorporations at a given cycle, the length of the homopolymers must be inferred
from the signal intensity [28]. Consequently, the most common error types are in-
sertions, followed by deletions. Less common but related with the homopolymers
are the carry-forward errors. A base is inserted or substituted ahead of a homopoly-
mer run of the same base (for example, GACTGGG could become GACGTGGG
with a carry forward insertion of G) [29]. Another less known error is the randomly
occurrence of near identical reads. It is known that the 454 sequencers systemati-
cally produce artificially duplicated reads that begin at the same position but vary
in length or with mismatches also considered as artifacts. These artifacts might be
due to the single DNA template attached to multiple empty beads or the emission
of fluorescent signal into the space of an adjacent empty well [30]. It is advised
to remove or collapse these duplicates before perform further analysis [31, 32].
The over represented duplicates will influence the determination of reference se-
quence during assembly or alter the base pair change frequency in the SNP calling.
Illumina/Solexa
The Illumina system operates via a sequencing-by-synthesis process that incor-
porates fluorescently labeled nucleotides into immobilized template strands [28].
Amplification is conducted in situ via bridge-PCR on a solid-phase glass slide
with 100∼200 million template clusters being amplified in parallel. Each clus-
ter contains approximately 1000 identical molecules (Figure 1.4). The four-color
3′-blocked reversible terminators are incorporated into the template; only a single
base is added in each cycle. The unused dyes are washed away and the four-colors
are detected by total internal reflection fluorescence by two lasers. A green laser
identifies the bases G and T and a red laser identifies the bases A and C. Two
different filters are used to distinguish between G/T and A/C, respectively. Each
cycle ends at the cleavage of terminator and the restoration of the 3′-OH group.
The number of repeat cycles depends on the desired read length, therefore the se-
quencing time increases with longer reads. The glass slide is partitioned into eight
channels, which allows running independent samples in the same time.
There are three concerns when we are dealing with the Illumina data. First, the
sequence error rate increases following with the read length. The highest error rate
is observed at the last positions of the read. A straightforward solution is to shorter
the sequence length during analysis, for example: discarding the last four bases in
each read is the default setting in ELAND (read mapping software from Illumina).
Second, the wrong base calls are frequently observed after base G and the base
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substitution with A to C and C to G are two common errors. Third, the sequence
coverage is biased in the GC-rich and AT-rich regions. It is probably due to am-
plification bias during template preparation [33]. This system also requires longer
operation time (∼8 days) when generating the mate-pair (2∼5 kb insert) sequence.
ABI SOLiD
Applied Biosystem’s (now Life technologies) SOLiD (sequencing by oligonu-
cleotide ligation and detection) has a special probe labeling techniques with four-
color probes to represent two-bases combinations. Each base was coded twice to
provide an internal error correction during base calling. The special color space
format was initially a problem for alignment software to incorporate the raw data
but the latest mapping software like MOSAIK [34] and MAQ [35] are able to
handle it now. ABI also launched a software development website for SOLiD sys-
tem to gather efforts from the research community. The sequencing throughput is
up to 300 Gb of ‘map-able’ sequences with 75 bp length in each read (SOLiD 4)
[28]. This platform requires the longest sequencing operation time (up to 16 days).
Helicos BioSciences
The Helicos BioSciences uses an amplification free method to determine the
nucleotides. The quantity of each DNA molecule can be measured without biases.
The later improvement of the sequencing protocol allows the direct RNA sequenc-
ing without converting into cDNA. Skipping the cDNA conversion step allowed
researches to detect the fast degraded and/or small quantity RNA samples (50 pg)
in yeast [36]. The short read length (32 bp) limits the system in seq-based applica-
tions and the higher base error rates (∼4%) with dominant deletion error type are
the main disadvantages of this platform [28].
Pacific Biosciences
The Pacific Biosciences (PacBio) instrument offers single-molecule, real-time
sequencing (SMRT). One solid phase glass (SMAT cell) contains 150,000 zero-
mode waveguide (ZMW) detectors. Each ZMW is attached with a DNA poly-
merase molecule and only allows one DNA molecule to pass in each time. When
the fluorescence labeled probes incorporate nucleotides onto the DNA template
by the DNA polymerase, ZMW captures the fluorescence pulse released from the
cleaved fluorescent dye (Figure 1.5). This platform has the highest potential to
produce the sequence read longer than 1000 bp as long as the DNA template can
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pass through the ZMW detector before the nucleotide starts to form the secondary
structure (Table 1.1).
In the case of the cholera outbreak in Haiti in late October 2010, the SMRT se-
quencing method showed the greatest potential to monitor the disease in real-time.
Without the lengthy DNA library preparation procedure, the research team and
the PacBio company sequenced five Vibrio cholerae strains in less than one week,
each with 60x coverage. They confirmed that the cholera strain in Haiti is most
closely related to the South Asia strain than the South American isolates, which
might be carried by the security forces from South Asia. Researchers suggested
that relief workers or security forces should be screened and/or vaccinated before
entering that area [37].
Ion Torrent
The Ion Torrent’s sequencer is still a prototype, and is a silicon chip as the
one used in the semiconductor technology. Each chip uses a high-density array of
nanoscopic wells lying on top of an ion-sensitive layer. An ion sensor (pH-meter)
to transmit electrical current is placed under the ion-sensitive layer. When a cor-
rect nucleotide incorporates onto the template DNA by the DNA polymerase, the
released hydrogen ion is detected by the pH-meter and converted into a digital sig-
nal. This system has proven to be able to sequence a virus and a bacterial genome
in an hour and it has the potential of applying small-scale but quick-turnaround
experiments [38].
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Figure 1.4: Template immobilization strategies. In emulsion PCR (emPCR) (a), a reac-
tion mixture consisting of an oil-aqueous emulsion is created to encapsulate bead-DNA
complexes into single aqueous droplets. PCR amplification is performed within these
droplets to create beads containing several thousand copies of the same template sequence.
EmPCR beads can be chemically attached to a glass slide or deposited into PicoTiterPlate
wells. Solid-phase amplification (b) is composed of two basic steps: initial priming and ex-
tending of the single-stranded, single-molecule template, and bridge amplification of the im-
mobilized template with immediately adjacent primers to form clusters. Three approaches
are shown for immobilizing single-molecule templates to a solid support: immobilization
by a primer (c); immobilization by a template (d); and immobilization of a polymerase (e).
dNTP,2’-deoxyribonucleosidetriphosphate. [28].
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Figure 1.5: Real-time sequencing. Pacific Biosciences’ four-colour real-time sequencing
method is shown. (a) The zero-mode waveguide (ZMW) design reduces the observation
volume, therefore reducing the number of stray fluorescently labelled molecules that enter
the detection layer for a given period. These ZMW detectors address the dilemma that
DNA polymerases perform optimally when fluorescently labelled nucleotides are present
in the micromolar concentration range, whereas most single-molecule detection methods
perform optimally when fluorescent species are in the pico- to nanomolar concentration
range. (b) The residence time of phospholinked nucleotides in the active site is governed by
the rate of catalysis and is usually on the millisecond scale. This corresponds to a recorded
fluorescence pulse, because only the bound, dye-labelled nucleotide occupies the ZMW
detection zone on this timescale. The released, dye-labelled pentaphosphate by-product
quickly diffuses away, dropping the fluorescence signal to background levels. Translocation
of the template marks the interphase period before binding and incorporation of the next
incoming phospholinked nucleotide. [28].
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1.2.5 Applications of NGS
Genome (re)sequencing projects
The most remarkable influence of the NGS technology is the ease to sequence
a eukaryotic genome with little sequencing cost in a very short time. Initially,
the short reads produced by the NGS platform restricted applications to genome
resequencing projects for which a reference genome was already available. Se-
quence reads were mapped back to the reference genome to identify the structural
variations such as single nucleotide polymorphisms (SNPs), small scale (2-1,000
base pair) insertion/deletion polymorphism and copy number variations (CNVs).
The first example of a genome resequencing project was the determination of the
genome sequence from Dr. James D Watson’s genome. A research group se-
quenced the genome to 7.4-fold coverage in two months by the 454 platform [39].
The Human 1000 genome project has a more ambitious goal. This project aims
to sequence the genome of many individuals and characterizes the rare variants
because they are likely responsible for traits of interest [40]. By detecting the
anomalously mapped read pairs, one can also detect the large insertions/deletions,
inversions, duplications and translocations [41].
With the continuous improvement of the 454 and the Illumina platforms, NGS
platforms are now able to provide the genome sequence for new species. The long
read length from the 454 platform can resolve the long repetitive sequence region
and is useful to provide the backbone for the genome assembly. The production of
the 3 kb to 20 kb long insert paired-end reads also makes this platform suitable for
scaffolding during de novo assembly. Many prokaryotic and eukaryotic genomes
have been sequenced by the 454 platform and assembled into high quality genomes
[17, 42]. On the other hand, the large amounts of data produced by the Illumina
instrument can easily boost the average genome coverage. The success of combin-
ing the 454 and the Illumina data for several higher eukaryotic genome projects
demonstrates the usefulness of NGS [42]. Furthermore, in one very extreme ex-
ample, the giant panda genome was assembled only using the Illumina platform
by building the paired-end libraries with multiple insert size [43].
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1.3 De novo assembly and genome alignment
1.3.1 Shotgun sequencing
Compared with simple unicellular organism like bacteria with only a few million
base pairs in length, for complex eukaryotes we can only decode a very small por-
tion of the DNA fragment at once. The short read length was therefore considered
as the major bottleneck to unravel the complete genome sequence of eukaryotic or-
ganisms. The ‘shotgun sequencing’ method was proposed to link pieces of small
DNA fragments into a continuous nucleotide stretch [44] 1.6. In the ‘shotgun se-
quencing’ approach, DNA sequences were randomly sheared into small fragments
and oversampling individual small fragments, a computer program - de novo as-
sembler, determines the overlap region and gradually merges individual reads into
a long consensus sequence. The number of sequence reads covering the same po-
sition on the DNA sequence is called the sequencing coverage or read depth (for
example, a base position with 8 reads covered has 8X or 8-fold coverage).
Before the emerging of the large eukaryotic genome sequencing project, Lan-
der and Waterman [45] estimated the necessary read depth to cover a whole genome.
For instance, under the Sanger sequencing error rate and an average read length of
∼800 bp, a 500 Mb size genome with 10X coverage covers about 99.995% of the
genome. This model provided a framework to calculate the necessary sequencing
reads and the cost for the later sequencing projects. However, this model shows
large discrepancies between the predicted and the observed assembly on the short
reads. The assembled contig size in the panda genome has been shown to be far
shorter than the theoretical prediction [42] and provides a strong warning to design
future short-read based genome projects.
1.3.2 De novo genome assembly
Early genome assemblers use a simple ‘greedy’ algorithm, which rely on searching
for overlaps between reads, after which they gradually build a consensus sequence
from different overlaps. However, this method often failed for repetitive sequences
and consequently produced chimeric contigs. Most modem assemblers incorporate
a more sophisticated graph theory base approach called overlap/layout/consensus
(OLC) method [46]. All reads are compared with each other by pair-wise compar-
ison and the first best overlap reads are joined into contigs. Contigs are gradually
extended and merged in an interactive way. The number of reads covering the
20
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same position, the overlap identity and the overlap length are three commonly
used variables to evaluate the quality of the overlap. Due to the differences of
genome sequence composition and sampling biases, the genome fragments can-
not be equally sampled. Reads with sequencing errors and the repetitive sequence
structures in the genome all complicate the assembly task.
Higher-level genome information such as the paired-end or mate-pair library
can be further used to determine the relative position and orientation of contigs.
This process is called scaffolding and the resulting DNA sequence is called a scaf-
fold. In practice, usually multiple mate-pair insert length libraries ranging from
2 kb to 30 kb are generated to help in the scaffolding process. Each end of the
insert DNA will be sequenced and share a same clone ID with forward and reverse
information to indicate their origin on the clone. Most graph theory based assem-
blers can integrate such information and are able to join two contigs, if one end of
a mate-pair is assembled with the first contig and the other end is assembled with
the second contig over a reasonable insert distance (Figure 1.6).
The genome assembly quality is often measured by the assembled size and ac-
curacy of the contig size. Assembly size is usually denoted by maximum length,
average length, combined total length, and N50. N50 indicates the number of
largest contigs/scaffolds to represent 50% of the assembled genome while L50
refers to the smallest contig/scaffold length in the N50 set. The fraction of as-
sembled genome size versus the real (estimated) genome size is another measure-
ment of the assembly quality. However, assembly accuracy is difficult to measure.
Alignment to an existence reliable reference sequences is the most useful method
though it is normally not applicable to a new sequenced genome.
In order to improve the assembly quality, two approaches are commonly used
to detect and correct the misassembly. The first method is to check the depth
of coverage by shotgun sequencing reads. It is based on the assumption that the
genome is randomly sampled and the reads are equally distributed on it. High read
coverage is a strong indicator of mis-joined fragments into one contig while low
read coverage possibly indicates the split of two haplotype fragments. Another
method is integrating the paired-end library information. A properly prepared
paired-end library has a small fragment size distribution and one can expect to
observe the same paired-end reads distance in the assembly. When the contig is
misplaced on the assembled genome, the paired-end distance shows a discrepancy
between the theoretical and the observed distance [47].
21
Chapter 1
Figure 1.6: The principle of sequence assembly. (A) The DNA sequence is randomly
sheared into smaller fragments. The red color represents the singe end sequencing where
one end of the fragments will be sequenced. The green color represents the paired-end
sequencing where two ends of each fragment will be sequenced. (B) The single end reads
are assembled together based on sequence similarity. The contig sequence is represented
by a continuous consensus sequence from the assembly. (C) The paired-end sequencing
reads are used to determine the order and orientation of contigs. Non-continuous contigs are
joined into scaffolds while paired-end reads provide additional information to the adjacency
of contigs. Two non-continuous contigs are separated by the sequencing gap. (D) Contigs
or scaffolds are anchored onto a set of molecular markers and the molecular markers are
associated with the linkage groups or chromosomes. (E) Multiple contigs and scaffolds are
assembled into a longer pseudosequence to represent the original DNA sequence.
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There are several widely used genome assemblers for Sanger reads: The TIGR
Assembler was the first one demonstrated to be able to assemble data from a
whole-genome shotgun (WGS) project, namely the Haemophilus influenzae genome
in 1995 [48]. PHRAP was the most widely used assembler during clone-based
assembly projects, including several bacterial genomes, the human genome [1]
and the rice genome [3]. The Celera Assembler was the first one to assemble
the eukaryotic WGS project on the fruit fly [49]. ARACHNE2 [50] and JAZZ3
(Joint Genome Institute in-house assembler) were later widely used in many WGS
projects including the Laccaria bicolor [51] and Melampsora laricis-populina
(Chapter 5) [5] genomes. The improved ARACHNE version can handle assem-
bly on a polymorphic genome. Another tool is CAP3 [52], which is mostly used to
assemble the EST data. After the development of more than a decade, the genome
assemblers described above can produce quite reliable assembly with minimum
human intervention.
On the other hand, NGS platforms produce far shorter reads (30∼400 bp) with
higher error rates and therefore require higher coverage for de novo assembly. The
consumed computer memory and the computational time are far exceeding the
capability of Sanger era genome assemblers. Newbler (distributed by 454 com-
pany) was the only de novo assembler able to handle the 454 data before 2007.
The first release of Newbler implemented the OLC twice, reads were first assem-
bled into unitigs (a uniquely assembleable subset of overlapping fragments) after
which longer contigs were constructed based on unititgs [27]. It has the advantage
to incorporate the platform-supplied signal strength to reduce misassembly in ho-
mopolymeric regions. The second release of Newbler largely reduces computation
time with improved assembly quality. It was used in the P. pastoris comparison
study with good performance (Chapter 4). MIRA [53] was originally designed
for EST assembly but it developed into the first hybrid-assembler able to combine
Sanger and 454 data in the same time. The P. pastoris GS115 reference genome
was based on the MIRA assembly result [17]. By updating the OLC kernel, Celera
Assembler (COBAG for 454 version) improves the memory usage efficiency and
distributes part of the computation task to cluster nodes and it is able to handle the
454 data assembly [54].
When the short read length and large amount of data was first generated by
Illumina, none of existing assemblers were able to process billions of short reads
2ftp://ftp.broadinstitute.org/pub/crd/ARACHNE/
3http://www.jgi.doe.gov/education/how/how11.html
23
Chapter 1
without changing their underlying assembly methods. It required a new concept
to efficiently handle large data. One of the newly introduced methods is the de
Bruijn graph algorithm [55]. In the algorithm implementation, reads are indexed
by a defined length of sequence into nodes (the length of the sequence is called
k-mers, normally it is an odd number and is smaller than the read length). An
edge between two nodes is built if they are two adjacent subsets of sequences
in the read. An Eulerian path, which transverses each edge exactly once, is the
assembled continuous sequence. Randomly occurred sequencing errors produce
tips or bubbles on the Eulerian path and can be easily resolved. The required
computation time is largely reduced because the assembler only needs to compare
all nodes (in the worst case) instead of comparing all raw read. The drawback
is that all the nodes/edges information is critical for path construction and it is
necessary to be loaded into memory. For instance, the algorithm requires terabytes
of memory (RAM) to assemble a human genome.
Many new de novo assemblers were developed in the past two years. Unfor-
tunately, many of them are restricted to the designed sequencing platform. That
is, most assemblers either only support longer read type (454) or are only able to
handle short reads (Illumina). Their algorithm implementations to treat the paired-
end information also varies from one to another. Velvet is one of the most popular
and reliable de Bruijn graph assemblers for Illumina data. In order to overcome
the error-prone short read sequence and to reduce the assembly complexity, Velvet
interactively removes singleton nodes. It further removes paths with fewer reads
than a threshold to reduce graph complexity though this has risk of removing the
low-coverage sequence [56]. The latest implementation of Velvet uses two heuris-
tic algorithms. Pebble incorporates the paired-end information to join contigs into
scaffolds and Rock Band resolves repeat region by long read information but also
opens the possibility for hybrid assembly of incorporating the 454 data. From
our experience in the P. pastoris genome (Chapter 4), the performance of Illumina
data with Velvet assembly was as good as 454 data with Newbler assembly. The
good performance of Velvet is largely due to the lack of complex repeats in the P.
pastoris genome.
1.3.3 Genome assembly strategies
After more than two decades of improvements in sequencing methods and assem-
blers, the genome assembly strategy for the Sanger based approach is relatively
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mature. The high-quality long read lengths and a broad range of mate-pair li-
brary preparation methods can cover most of the repetitive regions in eukaryotic
genomes. Genome assemblers with OLC assembly strategy can properly handle
different mate-pair distances to scaffold contigs. With sufficient read coverage,
one can obtain a reliable genome assembly. On the contrary, the relatively short
and low quality reads from NGS platforms and the de Bruijn graph based assem-
blers lose the context of each k-mer with poor ability to incorporate the mate-pair
information. NGS-based genome sequencing projects are still in their infancy and
it remains an open question on how to solely use NGS platforms for a large eu-
karyotic genome project. Following are some examples of recent large eukaryotic
genome projects based on NGS.
The combination of Sanger and NGS reads for genome sequencing was first
used in two plant genome projects. The draft grapevine (Vitis vinifera) genome
was initially assembled by Sanger data with 6.5x coverage while the additional
4.2x 454 data was used to correct errors and fill gaps [57]. The draft cucumber
(Cucumis sativus) genome was assembled by combining 4x Sanger data with 68x
Illumina reads [58]. The combination of Sanger and Illumina data produced better
N50 contigs than the individual sequencing platform alone. The draft assemblies
of turkey and strawberry genomes combined more than two NGS sequencing plat-
forms with one long-read type and other short-read types [42]. The deep-coverage
from Illumina Genome Analyzer or Applied Biosystems SOLiD short-read sys-
tem improved the base quality and fairly covered large part of the genome. With
200∼300 bp paired-end short-read data, de Brujin based assembler was able to
produce reasonable contig size (N50 size 12.5 kb in cucumber). On the other
hand, the ability to incorporate the long mate-pair insert size (20kb) in the graph-
based assembler largely improved the scaffold size up to megabase level. In theory,
by combining multiple NGS platforms with proper mate-pair insert size libraries
and a proper combination of assemblers, one can obtain a eukaryotic genome in a
cost-effective way.
An extreme example of using only one NGS system for a large (2.4 Gb) eu-
karyotic genome sequencing project is the giant panda (Ailuroponda melanoleura)
genome. This genome was sequenced by Illumina with average read length of 52
bp and assembled by SOPAdenovo assembler. In order to resolve the long repeat
structures, 37 paired-end libraries with fragment sizes of 150 bp, 500 bp, 2kb, 5kb
and 10kb were constructed. A total of 218 Genome Analyzer lanes of sequences
were generated, which produced ∼231 Gb of raw reads. Only <60% of the total
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sequencing data were used in the actual assembly because the paired-end library
construction produced 5%∼77% duplicated-reads [43].
1.3.4 Genome alignment – mapping reads onto the reference
genome
It is not always necessary to perform a de novo assembly for the newly generated
sequence data. In the re-sequencing projects, when a reference genome from an-
other strain or a close relative species is available, one can simply map reads onto
the reference genome. The challenge of aligning tens of thousands of relatively
short reads onto the reference genome is a trade-off between speed and sensitivity.
In the longer read type, the combination of Smith-Waterman dynamic program-
ming and k-mers indexing methods are widely used to achieve higher sensitivity.
However, as the sequence length decreases and the number of read increases, data
management and algorithm speed becomes the main bottleneck, if the same sensi-
tivity level needs to be maintained. The sensitivity issue in read mapping does not
only concern correctly placing reads onto the reference genome but also the ability
to detect true variants. One of the main challenges in the re-sequencing projects is
to identify the sequence polymorphism in the base-pair resolution. It is commonly
noticed that many short-read aligners do not perform well for gapped alignments
and can’t take the base quality into account [59].
The development of short-read aligners is a very active research fields. In
the past two years, almost every week a new short-read alignment software tool
has become available [60] (Table 1.2). However, the underlying techniques are
quite similar. They either use the 1) improved k-mers indexing (hash table) im-
plementation on either the reference genome or sequencing reads, or 2) Burrows
Wheeler transform (BWT) methods. In the k-mers strategy, the choice between
the reference genome and the sequence reads to be indexed influences the speed
and memory requirements. The popular MAQ aligner builds hash tables based on
the input reads and recommends to partition input reads into smaller volumes (2
million reads) for each calculation. Contrarily, MOSAIK indexes the reference
genome and uses a ‘jump database’ to efficiently locate information and thus re-
duces memory requirements. The BWT method creates index data structure by
rearranging and transposing the original reference sequence. Comparing with the
k-merm method, the special data structure in BWT requires less memory and is
able to place reads onto the reference genome faster while maintaining the same
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sensitivity [61].
1.4 Genome annotation
The completion of genome sequencing and assembly results in millions to billions
of nucleotides lying on a couple of chromosomes or thousands of scaffolds. It is
like reading a dictionary without proper space and punctuation marks to distin-
guish words and sentences, all alphabets mixed in a continuous string. Without
prior knowledge knowing how words are composed and the structure of one lan-
guage, it is impossible to extract meaningful information from this string. To make
things worse, the interpretation could be completely misled if one uses English
structure to understand the string from Dutch. Genome annotation, structurally
and functionally, is to distinguish genes (to simplify the situation, we only con-
sider protein-coding genes) and non-genes on the continuous nucleotide sequence,
the gene structures and their function. Gene prediction is the starting point for
many downstream analyses including: genome evolution, designing of microar-
ray for global gene expression profile, target database for proteomic experiments
and the reconstruction for metabolic pathways. Here, I will describe the principle
of gene prediction and explain how to prevent using wrong prior knowledge to
decipher a new genome.
1.4.1 Eukaryotic gene structure
Before describing how to annotate/predict genes, let us first understand how does
a protein-coding gene is processed from the eukaryotic genome. The first look of
the genome sequence is a continuous four letter codes (A, T, C, G) without a clear
signal where is a gene. However, when a eukaryotic gene starts to transcribe (ex-
press) into a pre-messenger RNA (RNA, uses Uracil instead of Thymine), RNA
Polymerase II binds to the upstream region of the gene, called transcription start
site and promoters will facilitate the binding of RNA polymerase. The transcrip-
tion factor binding sites in this area are recognized by transcription factors, which
promote (activator) or suppress (repressor) the recruitment of RNA Polymerase
during transcription. Based on the complement strand DNA (template strand),
RNA Polymerase creates an exact copy of the gene (except T is replaced by U) by
assembling the complementary bases to the template strand and this copy is called
the pre-messenger RNA. The 7-methylguanosine caps on the 5’ of pre-mRNA and
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Table 1.2: Six categories of recent sequence analysis programs.
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the polyadenylation tail on the 3’ is removed. Introns (non-coding sequences) are
precisely excised by a large RNA molecules complex (spliceosome). The pre-
mRNA becomes the mature mRNA (Figure 1.1). The number of introns, the se-
quence length and the common motif within intron sequences vary a lot among
eukaryotic species. The common feature (except in some special cases) among in-
tron sequences is the share of similar 5’ and 3’ sequence patterns between introns.
The first two nucleotides of the intron sequence 5’-GU-3’ (donor site) and the last
two 5’-AG-3’ (acceptor site) define the exon-intron border. The mature mRNA,
which contains untranslated regions (UTR), is transported from nucleus into cy-
toplasm but only the coding sequence (CDS) will be translated into the protein
sequence. Every three nucleotides in the mRNA form a codon and the correspond-
ing amino acid is carried by transfer RNA for protein synthesis. The beginning of
translation starts from the AUG codon, which produces the amino acid Methion-
ine. The elongation of the protein sequence continues until it encounters one of
the termination signals, which is represented by three stop codons (UAA, UAG
and UGA).
1.4.2 Structural annotation
The developments of gene prediction programs are based on our understanding of
molecular biology mechanisms and translate this knowledge into a computational
language. Based on genome annotation principles, we can divide gene prediction
programs into three approaches.
Intrinsic approach
Ab initio, or de novo gene prediction programs predict gene structures based
on the innate genomic sequence properties such as contents and signals. Contents
represent different genomic sequence properties to discriminate coding and non-
coding regions (introns, intergenic regions and UTRs). Several contents such as
nucleotide composition (G+C content), codon usage, k-mers frequency and base
occurrence periodicity are used to measure the difference. The hexamer frequency
(six-nucleotide long words) was shown to be the most discriminative measurement
to distinguish between coding and non-coding sequences [62]. Different kinds of
Markov models were further developed to model nucleotides base composition
and their order. A hidden Markov model (HMM) is a stochastic model, which as-
sumes that the probability of a particular nucleotide occurring in a given position
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depends only on the k previous bases. The k is called the order of the Markov
model. The higher order of the Markov model, the finer it can characterize de-
pendencies between adjacent nucleotides. In order to build a Markov model, it
requires a training set of sequences to estimate the necessary conditional proba-
bilities. The interpolated Markov models (IMMs) was introduced to reduce the
amount of coding sequences required in the high-order Markov model training.
Ordinary HMMs are limited to model probabilities between individual nucleotide
sequences, the generalized hidden Markov models (GHMMs) are able to deal with
variable length of sequences, for instance, different exon lengths [62].
Functional site signals on the genomic sequences such as splice sites, transla-
tion start sites, poly-(A) sites or stop codons are generally presented as different
sets of consensus sequences (training set). Various forms of weight matrices or
lower order of HMMs are used to model probabilities of these signals [62]. The
support vector machine (SVM) [63] and the conditional random field (CRF) [64]
were introduced into gene prediction to cope with the high-dimensional features in
the training set. A support vector machine is a supervised learning approach based
on machine learning techniques. It is able to classify new items based on rules it
has discovered from a correctly labeled training set. The SpliceMachine [65] and
its extended version in JavaaˆFunSiP [66] implemented the machine learning tech-
nique for splice-sites prediction. The CRF is a discriminative model, which does
not require any probabilistic modeling of the observation data.
Extrinsic approach
Extrinsic, or evidence-based gene prediction relies on shared similarity regions
between the target genome and protein/nucleotide databases to delimit the cod-
ing regions [62]. In contrast to the traditional costly cDNA (the DNA copy of
a mRNA) method systematically sequence entire clone inserts, ESTs (expressed
sequenced tags) method randomly picks up clones and only sequence each clone
once. ESTs became the mainstream method to generate a large number of novel
transcripts from the target genome. The collection of cDNA, ESTs or RNA-seq
data from the same organism with broad life stages, organs or culture conditions
is by far the most efficient way to correctly identify the exon-intron boundary and
provides the highest confidence of coding/non-coding structures. It is therefore
advised to have a comprehensive collection of transcripts from the same organism.
The inclusion of EST information can seriously improve the exon level accuracy
during gene prediction even in a cross-species manner [67].
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However, several limitations hamper gene prediction programs solely relying
on the transcript information: 1) Inability to capture the complete transcript in-
formation. It is difficult to know the exact ‘full length’ since RNA is converted
into DNA by reverse transcription. The efficiency of reverse transcriptase is gen-
erally lower than the RNA degradation rate. It was very common to lose the 5’
end sequence information unless more sophisticated library construction method
was applied. Furthermore, long transcript will be sheared into small fragments
in order to fit the length limitation of sequencing clones. The ESTs sequencing
therefore generates many fragments from transcripts and it is impossible to deter-
mine whether two fragments belong to the same transcript or they share overlap
region from two alternative spliced forms. 2) transcripts representation bias in
ESTs. Highly expressed genes produce more transcripts and have higher chance
to be picked up from sequencing clones. Genes with low expression levels or only
present in certain development stages are therefore less represented or are missed
in ESTs [68].
The second source of extrinsic information is through the genome sequence
similarity search with protein database such as SwissProt or NCBI protein database
(nr), which can detect orthologous from longer evolutionary distance [62]. How-
ever, it is difficult to determine the exact exon-intron boundary in the cross species
protein-nucleotide sequence alignment. Furthermore, it should be cautioned that
protein databases with unsupervised genome annotation data would further propa-
gate errors from false gene predictions.
The third extrinsic information source is through the comparative genomics
approach. The comparative genomics method attempts to identify the conserved
relationship of genome structure and function across different species. It does not
require the prior knowledge of existing gene structures between two (or more) or-
ganisms. It is based on the assumption that mutation sites in the coding region
will result in reduced fitness for the organism; coding sequences are therefore
more conserved than non-coding sequences and coding regions should therefore
share higher sequence similarity within/between species [62]. The performance
of the comparative genomics method depends on the phylogenetic distance be-
tween the compared sequences. However, there is no clear definition of how much
of the nonsynonymous and synonymous substitution rate in protein-coding genes
between the compared sequences is suitable for the comparative approach. Nev-
ertheless, it is clear that the compared sequences with long evolutionary distance
such as human vs. gape can not provide any informative sites whereas two closely
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related species such as A. thaliana vs. A. lyrata can not discriminate between
coding and non-coding sequence conservation.
The main limitation of relying on extrinsic content is that they are limited
to regions with similarity to databases; if no homolog exist, no data can be ex-
tracted. For instance, a species-specific gene (family) will not gain any hits to
protein databases and it will be completely miss-predicted if there are no tran-
scripts present in ESTs as well.
Integration approach
Gene prediction programs such as GENSCAN [69], GeneMark.hmm [70], Au-
gustus [71] and Geneid [72] rely exclusively on intrinsic features from target DNA
sequence. Evidence based methods exploit extrinsic features by comparative anal-
ysis. For instance, GeneWise / GenomeWise [73], ExonHunter [74] and GeneSe-
qer [75] identify genes based on cDNA/protein alignments, while TWINSCAN/N-
SCAN [76, 77] rely on coding regions in the genomic DNA from related organism.
Later developed prediction programs combine the high accuracy in evidence-based
methods and the ability to de novo explore genes in DNA sequences without ex-
trinsic information. The commercial program FGENESH++ [78] predicts genes
based on pre-trained HMMs and the similarity information from ESTs sequences.
It is widely used in many whole-genome shotgun sequencing projects at JGI [51, 5]
. The latest version of AUGUSTUS4 could integrate ESTs and protein similarity
search results during gene prediction and the author provides many pre-trained
species parameters [71]. This makes it a popular gene prediction tool for naı¨ve
users who can use existing models to annotate a close related genome.
It has been shown that combining predictions from different gene predictors
can achieve better results than the use of one of them alone. The underlying rea-
sons for such improvement is not completely understood. It is likely that each
program has its own advantages in a part of the prediction process. By integrat-
ing all of this ‘best’ information from complementary methods, an integrated gene
prediction system can provide an overall better gene prediction result. One of such
information integration systems is Jigsaw [79]. It does not predict gene structures
alone but relies on prediction made by other gene predictors or sequence similar-
ity search results. Depending on the available evidence, one can train Jigsaw to
obtain probabilistic models for individual evidence or assigns a single gene an-
notation for each locus, in which most evidence sources support the model. The
4http://augustus.gobics.de/
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rational to join different evidences is that exons present in multiple predictions
are likely to be more accurate than those that are predicted by only one program.
For instance, this combined approach has shown superior performance over than
single programs along in the ENCODE project but it still requires high-quality
prediction from individual programs [80]. If none of the program can produce rea-
sonable gene structures, Jigsaw cannot produce a good combination as well.
EuGe`ne – an example of a gene prediction pipeline
EuGe`ne [81] was the first integration system that can make prediction based
on the trained probabilistic models. It is able to explore information from ab ini-
tio, extrinsic, comparative and other gene prediction programs into a single gene
prediction (Figure 1.7). The intrinsic information of EuGe`ne includes IMMs to
predict coding and non-coding regions, weighted matrices for splice sites predic-
tion and translation sites predictors to predict signals for start/stop positions. The
EuGe`ne was designed with a plug-in system to provide better flexibility for data
integration. Many plug-ins for various splice site predictors were therefore devel-
oped to incorporate splice site prediction programs such as SpliceMachine and its
successors FunSiP, NetGene2 [82] and its fungal version NetAspGene [83]. The
extrinsic information from ESTs and protein databases are provided by similarity
search results but the extrinsic information reliability could be further separated
based on the source database. Comparative genomic information and external
gene prediction results could be integrated easily before EuGe`ne predicts a possi-
ble gene structure (Figure 1.7) .
The main constraint of EuGe`ne and many other prediction programs is the dif-
ficulty to obtain a good training data set efficiently. In the ab initio prediction,
although the higher order of Markov model can characterize finer sequence prop-
erties, it will require more training sequences. A sufficient number of reliable
training genes set (∼300 genes) will require an experienced annotator very long
time (3∼6 months) to collect. It is more difficult to manually collect enough splice
site information for splice site predictors and is therefore relying on an automatic
sequence alignment pipeline to process the mapping information. The mapping
strategy defined in the pipeline is based on prior knowledge but it probably does
not reflect the biological nature of the target organism. For example, the GA donor
site is a rare splice form in most genomes and it is generally been excluded from
the data collection process. However, the GA donor site has been found presenting
in Emiliania huxleyi with a much higher frequency than other genomes. It will re-
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quire manual inspection to verify the non-canonical acceptor/donor site mapping.
The training process is also biased to the information that we provide. It has been
proposed to use a set of conserved orthologous sequences such as KOG (cluster of
orthologous groups of eukaryotic) as a model to quickly obtain the training set for
a newly sequenced eukaryotic genome [84]. This approach focuses on common
genes present in most eukaryotes and it is therefore missing the specific genes
in the target genome. The poplar leaf rust fungus Melampsora larici-populina
genome contains many specific small secreted proteins for pathogenesis. These
genes were not properly identified until several related genes were first manually
identified and incorporated into the training set [5] (see Chapter 5).
Figure 1.7: Schematic representation of the EuGe`ne prediction pipeline. The gene predic-
tion of EuGe`ne starts from intrinsic information of the genome sequence. Intrinsic informa-
tion includes translation start sites, splice sites and coding/non-coding signals. Third-party
splice sites predictors can be integrated through the EuGe`ne plug-in system. Extrinsic in-
formation on repeat sequences, ESTs, proteins and closely related genomes could facilitate
the ab initio prediction. Gene prediction results from other programs can be incorporated
in the gene prediction pipeline as well.
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1.4.3 Functional annotation
Despite the challenge in locating exact exon-intron boundaries and splice variants
of genes, functional characterization of genes at large scale is proven to be even
more difficult. Our understandings of genes rely on well-designed experiments
and gradually breaking down unraveling the biological roles of the target gene in a
specific pathway. However, experiments are time consuming and sometimes lead
contradictory conclusions if the target gene is involved in multiple complex bio-
logical networks. In order to obtain biological functions from the whole genome
in a high-throughput way, inferring their functions from experimentally verified
homologous genes is probably the only method.
Sequence similarity based functional assignments are generally based on a set
of highly trusted databases, which provide consistent, accurate and complete an-
notations. Genes are searched with the Universal Protein Resource (UniProt) [85]
database by sequence similarity search programs such as BLAST [86] or FASTA
[87]. Comprehensive protein domain databases such as InterPro [88], Pfam [89]
and CDD (Conserved Domain Database) [90] provide high sensitivity and speci-
ficity to detect small architecture arrangements in protein sequences. There are
several methods based on controlled vocabularies to capture defined concepts and
their association to specific genes, enabling a system of unambiguous searching
for particular concepts and efficient exchange of annotations. The Gene Ontology
(GO) [91] project describes gene products in terms of their associated biological
process, cellular components and molecular functions in a species independent
manner through expert annotators in consortium or by computational inference.
KEGG (Kyoto Encyclopedia of Genes and Genomes) [92] is a knowledge-based
system including GENES, PATHWAY and LIGAND databases to store genomics
information, higher order functional information and chemical compounds respec-
tively. The Enzyme Commission (EC)5 numbers is also a higher-level gene classi-
fication method.
1.4.4 Annotation system
Although there was substantial progresses in the accuracy of gene structural and
functional annotation in the past decade, the involvement of expert annotators in
each genome project is still the key element for high quality genome annotation.
An annotation system will allow annotators to browse DNA sequences, check
5http://www.chem.qmul.ac.uk/iupac/jcbn/
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and edit predicted gene structures, assign gene function and share information
among annotation members. Many freely available genome browsing and edit-
ing tools are available to the research community. GBrowse is the most popular
client-server based genome browser from the GMOD (Generic Model Organism
Database) project [93]. Artemis is an open-source stand-alone DNA sequence
browser and gene structure editing application [94]. In our local annotation sys-
tem - BOGAS (Bioinformatics Online Genome Annotation System)6, Artemis was
further integrated into a customized annotation system and the curator-modified
information is stored to the back-end database. BOGAS is an online genome an-
notation system offering user necessary information for structure and function an-
notation, which is developed in our laboratory to fit the manual annotation work-
flow. It is a gene centric system where gene structure, neighboring genes, protein
database search results, multiple alignment, protein domains, ESTs alignment and
the tentative function of the target gene are gathered in the same gene page. Gene
structure editing tools such as Artemis and GenomeView7 are embedded in each
gene page. GenomeView and Anno-J8 in the BOGAS system are two advanced
genome browsing tools, which allow users to browse next-generation sequencing
data swiftly.
1.4.5 Transposable elements
Transposable elements (TEs) are mobile DNA fragments that occupy a significant
portion in almost all eukaryotic genomes. They account for almost 50% of the
human genome and more than 85% of the maize genome [1, 95]. Although TEs
in fungi genomes were first considered less abundant (3∼20%) than those in plant
genomes, the genome of the black truffle (Tuber melanosporum), the largest and
most complex fungal genome sequenced so far, consists for about 58% of TEs
[96].
According to their transposition intermediate, eukaryotic TEs could be classi-
fied into two classes: RNA (class I or retrotransposons) or DNA (class II or DNA
transposons) elements [97]. Each class of TEs is further divided into autonomous
elements whereas they encode necessary protein coding genes for transposition,
and nonautonomous elements that do not encode proteins but carry transposition
required cis sequences. Class I elements replicate by a commonly called ‘copy-
6http://bioinformatics.psb.ugent.be/webtools/bogas/
7http://genomeview.org/
8http://www.annoj.org/
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and-past’ mechanism because each complete replication cycle produces a new
copy and inserts into the host genome. It is the major contributor to repetitive
sequence expansion in large genomes. Retrotransposons can be divided into five
orders on the basis of their transposition mechanisms and structure. Long terminal
repeats (LTRs) retrotransposons have a pair of ∼100 bp to several kilobases direct
repeats flanking the two borders with at least two genes coding for transposition
activities in between. DIRS-like elements and Penelope-like elements are also
flanked by LTRs with different coding genes arrangement. Non-LTR retrotrans-
posons are divided into autonomous long interspersed nuclear elements (LINEs)
and nonautonomous short interspersed nuclear elements (SINEs). Class II trans-
posons are similar to insertion sequences (IS) of bacteria and are divided into two
subclasses by their short terminal inverted repeats (TIRs). DNA transposons use
a so-called ‘cut-and-paste’ mechanism whereas the element is excised from the
‘donor site’ and inserted into a new site in the genome (Figure 1.8) .
Transposable elements induced DNA fragments transposition, insertion and
duplication have been shaping genome structure and function for millions of years.
They are not only good subjects to study genome dynamic and genome evolution
but also have strong impacts on genome sequencing, assembly and annotation. It
has been shown in major genome annotation projects that the initial estimated gene
numbers were largely inflated by the under estimation of TEs. For instance, rice
was first predicted to have more than 60,000 genes based on the low-redundancy
shotgun sequence data [98] but the number of genes dropped to about 37,00 in
the later releases of the high quality map-based sequence genome [3], due to the
identification of many more TEs. However, research of TEs have been limited in
by case-by-case studies as performed by Barbara McClintock more than 70 years
ago. Identifying TEs is still a main bottleneck in the large scale genome sequenc-
ing era. In our gene prediction strategy, we do not intent to assign each category
of TEs in the newly sequenced genome but will prevent to predict genes in the
protein-coding regions of TEs. Fortunately, there are several (semi-)automatic TE
detection programs to identity TEs in genome sequences. In several fungal genome
projects, the REPET pipeline [99] was used to annotate TEs. REPET integrates
four de novo TE detection methods to identify TEs from the DNA sequence and
classifies TEs based on the RepBase database [100] or other extrinsic information.
The identified TE related genomic sequences were further masked so the down-
stream genome annotation program will not predict genes in these regions.
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C-INT, C-integrase CYP, Cysteine protease EN, EndonucleaseAP, Aspartic proteinase APE, Apurinic endonuclease ATP, Packaging ATPase
RT, Reverse transcriptasePOL B, DNA polymerase B RH, RNase H RPA, Replication protein A (found only in plants)
Tase, Transposase (* with DDE motif) YR, Tyrosine recombinase Y2, YR with YY motif
INT, Integrase ORF, Open reading frame of unknown functionENV, Envelope protein GAG, Capsid protein HEL, Helicase
Classification Structure TSD Code Occurrence
Order Superfamily
Class I (retrotransposons)
LTR Copia 4–6 RLC P, M, F, O
Gypsy 4–6 RLG P, M, F, O
Bel–Pao 4–6 RLB M
Retrovirus 4–6 RLR M
ERV 4–6 RLE M
DIRS DIRS 0 RYD P, M, F, O
Ngaro 0 RYN M, F
VIPER 0 RYV O
PLE Penelope Variable RPP P, M, F, O
LINE R2 Variable RIR M
RTE Variable RIT M
Jockey Variable RIJ M
L1 Variable RIL P, M, F, O
I Variable RII P, M, F
SINE tRNA Variable RST P, M, F
7SL Variable RSL P, M, F
5S Variable RSS M, O
Class II (DNA transposons) - Subclass 1
TIR Tc1–Mariner TA DTT P, M, F, O
hAT 8 DTA P, M, F, O
Mutator 9–11 DTM P, M, F, O
Merlin 8–9 DTE M, O
Transib 5 DTR M, F
P 8 DTP P, M
PiggyBac TTAA DTB M, O
PIF– Harbinger 3 DTH P, M, F, O
CACTA 2–3 DTC P, M, F
Crypton Crypton 0 DYC F
Class II (DNA transposons) - Subclass 2
Helitron Helitron 0 DHH P, M, F
Maverick Maverick 6 DMM M, F, O
Terminal inverted repeats Non-coding regionCoding region
P, Plants M, Metazoans F, Fungi O, Others
GAG YRAP RT
RT EN
Tase*
Tase*
Tase*
Tase*
YR
RPA Y2 HEL
Tase*
Tase
Tase
Tase* ORF2
Tase ORF2
RT EN
APE RT
APEORF1 RT
APEORF1 RT
APEORF1 RT RH
RH
GAG YRAP RT RH
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Figure 1 | Proposed classification system for transposable elements 
(TEs). The classification is hierarchical and divides TEs into two main 
classes on the basis of the presence or absence of RNA as a transposition 
intermediate. They are further subdivided into subclasses, orders and 
superfamilies. The size of the target site duplication (TSD), which is 
characteristic for most superfamilies, can be used as a diagnostic 
feature. To facilitate identification, we propose a three-letter code that 
describes all major groups and that is added to the family name of each 
TE. DIRS, Dictyostelium intermediate repeat sequence; LINE, long inter-
spersed nuclear element; LTR, long terminal repeat; PLE, Penelope-like 
elements; SINE, short interspersed nuclear element; TIR, terminal 
inverted repeat.
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Figure 1.8: Propo ed classification system for transp sable el m nts (TEs). The clas
sification is hierarchical and divides TEs into two main classes on the basis of the presence
or absence of rNA as a transposition intermediate. They are further subdivided into sub-
classes, orders and superfamilies. The size of the target site duplication (TSD), which is
characteristic for most superfamilies, can be used as a diagnostic feature. To facilitate iden-
tification, Wicker et al. proposed a three-letter code that describes all major groups and that
is added to the family name of each TE. DIRS, Dictyostelium intermediate repeat sequence;
LINE, long interspersed nuclear element; LTR, long terminal repeat; PLE, Penelope-like
elements; SINE, short interspersed nuclear element; TIR, terminal inverted repeat [97].
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1.5 Functional and comparative genomics
1.5.1 Transcriptomics and other ‘omic’ data
After obtaining the genome sequence, identifying genes aligning on the genome
and their putative functions, functional genomics data could help in determining
when the genes are expressed and in which tissues and how they interact with
each other. Functional genomic studies tend to use high-throughput methods to
understand the dynamics of the target genome. DNA microarray, RNA-seq, pro-
teomics, yeast two-hybrid, ChIP-seq and whole genome methylation (MethylC-
seq) are commonly used techniques in the post-genomic study. For instance, the
proteomic data aˆ- or more specific shotgun strategy (bottom-up) proteomics -3-
are now widely adapted to measure proteins from biological mixtures. The liq-
uid chromatography (LC) and electrospray ionization tandem mass spectrometry
(MS/MS) or the matrix-assisted laser desorption ionization (MALDI) MS are used
to characterized protein expression. A peptide-centric approach can quantify up
to 8,000 proteins in a complex proteome in less than one day. From a genome se-
quencing project point of view, the proteomic data does not only provide a wealthy
of information for hypothesis-driven studies but it is also a resource to assist in
gene annotation. For instance, gene models can be confirmed by the presence of
peptide fragments [101].
Another method to monitor the global gene expression profile is through the
cDNA microarrays. cDNA molecules in a given condition bind (hybridize) to their
corresponding complementary templates (probes) on a glass microscope slide, a
silicon chip or a nylon membrane. Single DNA microarrays carry tens of thou-
sands of oligonucleotide probes either obtained from a cDNA library or designed
based on the gene annotation. The amounts of cDNA molecules that hybridize
to probes represent the relative (or absolute) expression values of transcripts and
are measured by the released fluorescent signal strength (fluorescent tags were at-
tached to the target cDNA molecules in advance). Before the availability of RNA-
seq methods, microarray was the only technique been able to monitor the whole
genome transcriptome with high specificity and sensitivity.
1.5.1.1 Sequence clustering – identifying the common and unique features
The requirement to cluster a group of sequences based on the shared sequence
similarity is a recursive theme in modern comparative genomics studies. On a
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long nucleotide sequence scale, closely related bacterial genomes are compared
by aligning their whole chromosomes in order to identify both shared and unique
regions. For protein sequences or even the whole proteome, searching for genes
that are between species (orthologous) or identifying the largely expanded gene
families in the target species (paralogous) are generally the first question we need
to address in a new genome.
Orthologous sequences are the shared genes among species where they were
derived from their common ancestor. On the contrary, paralogous sequences are
homologous genes within the same organism and usually derived by gene or genome
duplication. Recent gene duplications yields in-paralogs, which result in a many-
to-one or one-to-many ortholog relationships with genes in other species (Figure
1.9). The shared sequence similarity of the functionally related gene is the base
of the sequence similarity search principle. It allows researchers to start from one
query gene in a distantly related species and gradually search (fish out) for the
orthologs in the desired genome. In some cases, it requires a more sophisticate
search approach when two species are very distantly related or the gene is too
diverged. For example: an interactive PSI-BLAST search will identify distantly
related homologous genes while simple BLAST search will probably miss them.
It is still an open question what the best approach is to determine the orthologs
and paralogs at a genome-wide scale. When a gold-standard dataset is not avail-
able, it is impossible to determine and compare the accuracy and coverage from
one program to another. A common practice to identify the orthologous sequence
pairs between two genomes is the Reciprocal Best Hit (RBH) or called Bidirec-
tional Best Hit (BBH). The protein x in genome A is a RBH of the protein y
in genome B. A similar method - Reciprocal Smallest Distance (RSD) algorithm
[103], which was based on the RBH principle, applies global sequence alignment
and estimates the maximum likelihood distance to reduce misidentified close par-
alogs. InParanoid [104] is another program to identify orthologs and in-paralogs
between two genomes. The program starts from building a set of reciprocal best
matching orthologous pairs as seed orthologous groups. More sequences are added
into the seed group when their confidence values (based on pairwise sequence
similarity scores) are closer to the corresponding seed group. By counting the
frequency of seed-pair genes present in the original BLAST alignment, bootstrap-
based confidence values are assigned to all groups of orthologs. However, the
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Species A Species B 
A3 
A1 
A2 
B2 
B1 in-paralogs 
in-paralogs orthologs 
co-orthologs 
Figure 1.9: The establishment of co-ortholog relationships between two species. Solid
lines connecting A1 and B1 represent putative ortholog relationships identified by the ‘re-
ciprocal best hit’ (RBH) rule. Dotted lines (e.g. those connecting A1 with A2 and A3, or
B1 with B2) represent putative in-paralog relationships within each species, identified using
the ‘reciprocal better hit’ rule. Putative co-ortholog relationships, indicated by dashed gray
lines, connect in-paralogs across species boundaries (e.g. A3 and B2) [102].
above methods are only suitable for the comparison between two genomes. The
TribeMCL was the first program able to cluster multiple (more than two) genomes
[105]. Based on precomputed sequence similarity scores, it relies on the Markov
cluster (MCL) algorithm to assign proteins to gene families and does not suffer
from problems such as multi-domain proteins, fragmented proteins and promis-
cuous domains. TribeMCL and the derived program OrthoMCL are one of the
outperforming multiple dataset clustering methods with good balance in sensitiv-
ity and specificity [106]. Surprisingly, the straightforward RBH approach shows
good overall performance in independent benchmark tests [102].
Finding the orthologs and paralogs can help in answering many biological
questions and to shed light on future experimental designs. The functional anno-
tation of protein-coding genes can benefit from this task [107], but other research
topics can use this information as well. In higher plants for instance, a conserved
orthologous set of genes is a powerful marker system to determine the syntenic
regions and to reveal the possible evolutionary history across a broad phylogenetic
distance from Rosids II (Arabidopsis) to Asterids I (Tomato and Coffee) [108].
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2.1 Abstract
The methylotrophic yeast Pichia pastoris is widely used for the production of pro-
teins and as a model organism for studying peroxisomal biogenesis and methanol
assimilation. P. pastoris strains capable of human-type N-glycosylation are now
available, which increases the utility of this organism for biopharmaceutical pro-
duction. Despite its biotechnological importance, relatively few genetic tools or
engineered strains have been generated for P. pastoris. To facilitate progress in
these areas, we present the 9.43 Mbp genomic sequence of the GS115 strain of P.
pastoris. We also provide manually curated annotation for its 5,313 protein-coding
genes.
2.2 Introduction
The methylotrophic yeast Pichia pastoris is by far the most commonly used yeast
species in the production of recombinant proteins [109] and is employed in labora-
tories around the world to produce proteins for basic research and medical applica-
tions. It is also an important model organism for the investigation of peroxisomal
proliferation and methanol assimilation. The P. pastoris expression technology
has been commercially available for many years. P. pastoris grows to high cell
density, provides tightly controlled methanol-inducible transgene expression and
efficiently secretes heterologous proteins in defined media. Several P. pastoris
aˆproduced biopharmaceuticals that are either not glycosylated (such as human
serum albumin [110]) or for which glycosylation is needed only for proper folding
(such as several vaccines [111]) are already on the market. An important recent
breakthrough has been the development of P. pastoris strains with human-type
N-glycosylation [112, 113, 114]. Humanized glycosylation will further increase
the importance of P. pastoris for biopharmaceutical production; indeed, proteins
produced with this system are moving into clinical development [115]. More-
over, monoclonal antibodies can be made at gram-per-liter scale in the humanized
glycosylation-homogenous strains [116].
For further strain engineering, a better understanding of all aspects of the
yeast’s protein production machinery is needed, and a number of studies relating
to P. pastoris’s secretory system and engineered promoters have been forthcoming
[117, 118]. To facilitate the investigation of P. pastoris and other methylotrophic
yeasts, we present the 9.43 Mbp genomic sequence of the GS115 strain of P. pas-
44
The Pichia pastoris Genome
toris.
2.3 Results
2.3.1 Genome sequencing and assembly
Very little is known about the genomic features of P. pastoris. The P. pastoris
genome has been shown to be organized in four chromosomes with a total esti-
mated size of 9.7 Mbp by pulsed-field gel electrophoresis [119]. In addition they
assigned 13 P. pastoris genes to the different chromosomes. The absence of a ge-
netic map makes chromosome assembly a challenging task, which we completed
according to the strategy outlined in Figure 2.1 . We made use of 454/Roche se-
quencing [27] (GS-FLX version) to highly oversample the genome (20 coverage)
and generated 70,500 paired-end sequence tags, to enable the assembly of all but
seven contigs into nine ‘supercontigs’ (plus the mitochondrial genome) using auto-
mated shotgun assembly and BLASTN-based contig end-joining. Upon assigning
these (super)contigs to the four chromosomes, the order of the supercontigs was
determined through PCR and Sanger sequencing of the amplification products.
These finishing experiments allowed the reconstruction of the four chromosomal
sequences (Figure 2.5 and Table 2.1 ), with only two gaps remaining (one each on
chromosomes 1 and 4). A ribosomal DNA (rDNA) repeat sequence was present
in the assembly as a separate contig of 7,450 bp, with exceptionally high coverage
(328.8-fold). Given that sequence coverage all over our assembly very closely ap-
proximates 20x, we interpret that there are 16 copies of the rDNA repeat region,
thus accounting for about 119 kbp in sequence. We detected these rDNA loci on
all chromosomes (Methods, Figures 2.1 b and 2.5). The rDNA locus contains the
18S, 5.8S and 26S rRNA coding sequences. Unlike the Saccharomyces cerevisiae
5S rRNA gene, which is localized to the repeated rDNA locus, the 21 copies of
the P. pastoris 5S rRNA are spread across the entire length of all chromosomes.
Based on pulsed-field gel electrophoresis (PFGE), the chromosomes of P. pastoris
GS115 were estimated to be 2.9, 2.6, 2.3 and 1.9 Mbp [119], whereas we obtained
2.88 (2.8 + 0.08), 2.39, 2.24 and 1.8 (1.78 + 0.017) Mbp after assembly (assem-
bled chromosome + assigned contig). Including the estimated 0.12 Mbp of rRNA
repeats, we calculate a genome size of 9.43 Mbp.
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A. Genome sequencing and assembly statistics 
454 Sequencing 
Sequenced reads Sequenced length (bp) Paired-end reads 
897,197 218,602,026 11,538 
 
MIRA assembly 
Assembled reads Assembled contigs Contigs  (>500 bp) Assembled length (bp)    N50 L50 (kb) Average coverage 
885,659 1,154 230 9,658,092 40 77 20 
 
Contig joining  
Chromosome 
  
Joined contigs Supercontigs Length (Mbp)    
203 10 9.3  4   
 
 
B. Genome contents overview 
General information Protein coding genes RNA genes Mitochondrial genome 
Size (Mbp) 9.3 Genes 5,313 tRNA 123 Size (bp) 36,119 
Genome GC content (%) 41.1 Coding GC content (%) 41.6 5s rRNA  21 Genome GC content (%) 22 
Assembled 
chromosomes 4 
Mean gene lenagth (bp) 1,442   Coding genes 16 
  Single exon genes 4,680   tRNA genes 31 !
Table 2.1: Genome sequencing and assembly statistics and contents overview. N50,
number of contigs that collectively cover at least 50% of the assembly. L50, length of the
shortest contig among those that collectively cover 50% of the assembly
2.3.2 Genome sequence accuracy estimation
A concern with genome sequences largely generated through 454 sequencing is
the potential for ‘indel errors’ at homopolymeric sequences [29]. An analysis of
the occurrence of such sequences in the P. pastoris genome is done based on the
assembled contigs. Two approaches were followed to estimate the accuracy of our
genome sequence. First, we retrieved 39 peer-reviewed Genbank coding sequences
of P. pastoris strain GS115 (total sequence length 70,295 bp). These sequences
were compared to our genome sequence, and 84 differences were encountered.
To establish which sequence was correct, we amplified these genes by PCR and
Sanger-sequenced the PCR products. In all but two cases, the Sanger sequences
confirmed our genome sequence, and we thus estimate the error rate to be 1 in
35,147 bp. In an alternative approach, we analyzed all open reading frames (ORFs)
Figure 2.1 (facing page): Pichia pastoris genome sequencing and overview. (a) Genome
sequencing and assembly strategy. (b) P. pastoris gene density and known markers position.
Gene density is plotted as a histogram, showing a uniform distribution of genes across each
chromosome. The gene density is calculated in a window size of 50 kbp with 5 kbp sliding
window. Genes that had been previously mapped to the chromosomes through PFGE are
indicated in red, and rDNA repeats in green. (c) Phylogenetic tree. The phylogenetic tree
was built on the concatenated sequence of 200 single-copy orthologous genes in all of the
six species. Numbers next to each branch correspond to the number of Pfam domains
uniquely present in the corresponding lineage.
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encoding proteins with at least one clear homolog in the databases. Where we
found an interrupted ORF with clear homology to the 5’ part of the homologs,
immediately followed by a coding sequence with clear homology to the 3’ part,
the most logical interpretation was that there was a frameshift error mutation in our
genome sequence (that is, both coding sequences are extremely likely to be linked
into one open reading frame (ORF)). We found such frameshift errors in 2.7%
(108) of the 3,997 genes for which such analysis could be made, totaling 6.11 Mbp
of coding sequence. Conservatively estimating that we would only have detected
such error if it occurred in the first two-thirds of the ORF, we then calculated a
frameshift error rate in the coding sequences of 1 in 37,716 bp. Both estimates
show that high-coverage 454 sequencing can indeed yield highly accurate genome
sequences.
2.3.3 Pichia pastoris phylogenetic position
Phylogenetic analysis (Figure 2.1) shows that P. pastoris diverged before the for-
mation of the CTG clade (yeasts which translate the CUG codon into serine instead
of leucine [120]).
2.3.4 Genome sequence annotation: protein-coding genes
Protein-coding genes were automatically predicted using EuGe`ne [81] . The gene
models were manually curated for functional annotation, accurate translational
start-and-stop assignment, and intron location. This resulted in a 5,313 protein-
coding gene set of which 3,997 (75.2%) have at least one homolog in the National
Center for Biotechnology Information protein database (BLASTP e-value 1e−5,
sequence length 20% difference and sequence similarity 50%). The protein-coding
genes occupy 80% of the genome sequence. According to recently proposed mea-
sures for genome completeness, we searched the genome for highly conserved
single (or low) copy gene sets: core eukaryotic genes (CEGs) with 248 genes
across six model organisms [84] and FUNYBASE [121, 122] with 246 genes with
orthologs in 21 fungi. All genes from both gene sets were present in our proteome
with full domain coverage.
Codon (pair) optimization of transgenes to the expression host organism often
yields substantial improvements in recombinant protein yield [123]. P. pastoris’s
codon usage is shown in Figure 2.2, which will guide synthetic gene design for
protein production in this organism. Overall, the codon usage is similar to the one
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for S. cerevisiae. Some synonymous codon pairs are also more or less frequently
used than expected (the codon pair bias) [124]. As reported for S. cerevisiae [125],
under-represented and over-represented codon pair clusters were observed (Figure
2.2 ). It remains untested in P. pastoris whether optimizing genes to this codon
pair bias results in higher protein expression levels.
2.3.5 Genome sequence annotation: tRNA genes
tRNA coding genes were automatically predicted and manually confirmed by
BLASTN with S. cerevisiae homologs, which identified 123 nuclear tRNA genes,
compared to 274 in the S. cerevisiae genome [126]. P. pastoris has three tRNA
families not present in S. cerevisiae (tR(UCG), tL(CAG) and tP(CGG)), but also
lacks one tRNA family (tL(GAG)).
Notably, a positive correlation was found between the number of tRNA genes
for a given codon and the frequency of use of this codon (Spearman ρ = 0.88; P <
0.0001, Figure 2.2).
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2.4 Discussion
The genomic sequence of P. pastoris presented here will facilitate the development
of improved strains with customized properties for high-yield protein production
with defined post-translational modifications. Promising targets for genetic en-
gineering include inducible promoters for transgene expression, chaperones that
assist protein folding, proteins involved in the secretory pathway and enzymes cat-
alyzing protein glycosylation, proteolytic processing and other post-translational
modifications.
The commonly used methanol-inducible promoters in P. pastoris -the alco-
hol oxidase I promoter [118, 127] and the formaldehyde dehydrogenase promoter
[128] -drive the production of enzymes needed for methanol assimilation and
therefore produce extremely high levels of these transcripts upon switching the
carbon source to methanol. The genome sequence has allowed identification of all
genes coding for enzymes involved in methanol assimilation and their promoters
(Figure 2.4 and Table 2.4), which can now be studied for their suitability for trans-
gene expression in P. pastoris. A first comparative analysis of these promoters
did not reveal obvious commonalities in sequence motifs or promoter organization
(data not shown).
Secretion of heterologous proteins rather than cytoplasmic accumulation is
most often the preferred option in Pichia-based production processes. The yeast
secretory system (overview in Figure 2.4 is thus an important engineering target to
obtain optimized strains that are capable of folding and processing a large flux of
recombinant protein. However, many aspects of the secretory pathway are insuf-
ficiently characterized. For example, the knowledge on the Pichia chaperones is
incomplete, and we here provide the complete catalog of orthologs to the S. cere-
visiae endoplasmic reticulum (ER) folding machinery, which should enable more
efficacious folding-system engineering in the future [129].
The heterologous protein signal sequence of the S. cerevisiae alpha-mating
factor is most often used to induce Sec61p-mediated translocation of the protein
into the endoplasmic reticulum of P. pastoris 1. This signal sequence works in
most cases, although there have been almost no studies to compare it to other sig-
nal sequences. Moreover, the Kex2p/Ste13p-mediated processing of the propep-
tide in this S. cerevisiae sequence is often problematic in Pichia [130], result-
ing in nonnative amino acids at the N-terminus of the heterologous protein. The
1http://faculty.kgi.edu/cregg/
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Figure 2.3: Pichia pastoris secretion signals. 54 SignalP predicted signal peptides were
manually curated to be secretion signals based on the function of orthologs. The predicted
sites of signal peptide cleavage is indicated by the red rectangle. Alignment of these pep-
tides show a hydrophobic consensus sequence (poly Leu), and a small amino acid residue
at position -1 and -3 from the cleavage site.
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genome sequence now reveals a multitude of endogenous signal sequences (Figure
2.3 shows a subset of such signal sequences, derived from homologs of function-
ally annotated secreted S. cerevisiae proteins). This database of secretion signals
will allow screening for the optimal signal-ORF combination, which may result in
augmented protein expression levels. Multiple sequence alignment also allowed
derivation of a consensus signal sequence (Figure 2.3), which may be suited for
mediating heterologous protein secretion.
The secretory system is also the site of post-translational modification (es-
pecially glycosylation), and yeasts differ substantially from higher eukaryotes in
this respect. In terms of N-glycosylation, yeasts such as P. pastoris modify pro-
teins with a range of heterogenous high-mannose glycans [131], which introduce a
large amount of heterogeneity in the protein (reducing downstream processing effi-
ciency and complicating product characterization) and induce fast clearance from
the bloodstream. The highly immunogenic terminal α-1,3-mannosyl glycotopes
that are abundantly produced by S. cerevisiae are not detected on Pichia-produced
glycoproteins [132]. Indeed, we did not find an ortholog of the S. cerevisiae gene
MNN1 (encoding the α-1,3-mannosyltransferase) in the Pichia genome. However,
Pichia glycoproteins can in some cases be modified with β-1,2-mannose residues
[133], reminiscent of antigenic epitopes on the Candida albicans cell wall [134].
We find the patented P. pastoris AMR2 β-mannosyltransferase in the genome, and
three homologs, thus providing the basis for reducing the levels of this undesired
glycan modification.
To overcome the difficulties with Pichia’s glycosylation, strains have been
developed with an entirely re-engineered glycosylation pathway to produce hu-
man IgG-type N-glycans (N-glycosylation humanization technology; Figure 2.4)
[112, 113, 114]. The heterologous glycosyltransferases needed for this use the
sugar-nucleotides UDP-GlcNAc and UDP-Gal as monosaccharide donors. Al-
though UDP-GlcNAc is synthesized in yeasts for the synthesis of cell wall chitin
(we have identified a UDP-GlcNAc transporter in the genome), no galactosylated
glycoconjugates in P. pastoris have been described. We have shown previously
that the mere overexpression of a Pichia Golgi-targeted version of human β-1,4-
galactosyltransferase I is sufficient to achieve galactosylation of secreted glyco-
proteins, indicating that Pichia produces UDP-Gal and transports it into the Golgi
apparatus [135]. Indeed, we now find an endogenous cytoplasmic UDP-Glc-4-
epimerase and clear homologs of Golgi UDP-Galactose transporters in the P. pas-
toris genome. These findings are relevant to glycan engineering in this yeast as
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Gene EC code Locus id
AOX 1.1.3.13 chr4_0152, chr4_0821
FLD 1.2.1.1 chr3_1028
FGH 3.1.2.12 chr3_0867
FDH 1.2.1.2 chr3_0932
CAT 1.11.1.6 chr2-2_0131
DAS 2.2.1.3 chr3_0832, chr3_0834
DAK 2.7.1.29 chr3_0841
TPI 5.3.1.1 chr3_0951
FBA 4.1.21.13 chr1-1_0072, chr1-1_0319
FBP 3.1.3.11 chr3_0868
Table 2.2: Methanol pathway genes in P. pastoris
researchers have previously overexpressed a heterologous UDP-Glc-4-epimerase
in fusion to the galactosyltransferase to achieve higher levels of UDP-Gal in the
yeast Golgi apparatus [114, 136].
Yeasts also O-glycosylate secreted proteins with oligomannosyl-glycans that
differ from the mucin-type O-glycosylation in humans [137]. No robust engineer-
ing approach has yet been developed to overcome this issue. The identification of
the Pichia protein-O-mannosyltransferases that initiate this modification in the ER
in the genome will help toward this goal.
Finally, an often-observed problem is degradation of the product by endoge-
nous proteases. If the heterologous protein is toxic to the cell, much of this pro-
teolytic activity can be of vacuolar origin (released in the growth medium upon
cell lysis), but Pichia also expresses secreted proteases. It would be of great in-
terest to have a panel of P. pastoris strains in which the most active proteases had
been disrupted. Only few such strains are currently available because knowledge
on the protease gene sequences was unavailable. We here provide a catalog of the
Pichia vacuolar and secreted proteases, which will speed up the development of
protease-deficient strains.
The wealth of information provided by a full genome sequence will enable a
more rapid development of P. pastoris as a protein expression host, building on
its exceptional natural capacity for heterologous protein production. With a large
academic and industrial user base, human-type N-glycosylation already in place,
gram-per liter monoclonal antibody production recently reported [116] and the
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genome now publicly available, the stage is set for Pichia pastoris to become an
even more important expression system for biopharmaceutical proteins.
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2.5 Material, Methods and Supporting Information
2.5.1 DNA preparation
The P. pastoris GS115 strain (Invitrogen) is derived from the wild-type strain
NRRL-Y 11430 (Northern Regional Research Laboratories). It has a mutation
in the histinol dehydrogenase gene (HIS4) and was generated by nitrosoguanidine
mutagenesis at Phillips Petroleum Co [138]. It is the most frequently used Pichia
strain for heterologous protein production.
P. pastoris genomic DNA was prepared according to a published protocol [139]
with minor modifications. Instead of vortexing, the samples were shaken in a
Mixer Mill (Retsch) for 2 min.
2.5.2 Sample preparation and sequencing with Roche/454 Genome
Sequencer FLX
The shotgun library of P. pastoris for sequencing on the Genome Sequencer FLX
(GS FLX) was prepared from 5 µg of intact genomic DNA. Based on random
cleavage of the genomic DNA [27] with subsequent removal of small fragments
with AMPure SPRI beads (Agencourt), the resulting single-stranded (ss) DNA li-
Figure 2.4 (facing page): Pichia pastoris pathways. (a) Methanol utilization pathway
in Pichia pastoris. A detailed table with the genes coding for the respective enzymes is
shown in Table . 1AOX, alcohol oxidase; 2FLD, formaldehyde dehydrogenase; 3FGH,
S-formylglutathione hydrolase; 4FDH, formate dehydrogenase; 5CAT, catalase; 6DAS,
dihydroxyacetone synthase; 7DAK, dihydroxyacetone kinase; 8TPI, triosephosphate iso-
merase; 9FBA, fructose-1,6-bisphosphate aldolase; 10FBP, fructose-1,6-bisphosphatase;
DHA, dihydroxyacetone; GAP, glyceraldehyde-3-phosphate; DHAP, dihydroxyacetone
phosphate; F1,6BP, fructose-1,6-bisphosphate; F6P, fructose-6-phosphate; Pi, phosphate;
Xu5P, xylulose-5-phosphate; GSH, glutathione. (b) Protein secretion pathway. Schematic
representation of the secretion pathway in P. pastoris. The nascent protein is translocated to
the ER by the Sec61 complex, and N-glycosylation sites are glycosylated with the dolichol-
linked Glc3Man9GlcNAc2 oligosaccharide precursor by the OST complex. After process-
ing of the signal peptide, the protein is folded with the aid of chaperones. ER N-glycan
processing results in Man8GlcNAc2 type glycan. O-glycosylation is also initiated in the
ER by the protein-O-mannosyltransferases. After transport to the Golgi apparatus, the N-
glycans are further processed to the yeast-typical hypermannosyl-type glycans. In strains
with humanized glycosylation pathways [112, 113, 114], the hypermannosylation is abol-
ished and the glycans are processed to Gal2GlcNAc2Man3GlcNAc2. After processing of
the pro-domain, the protein is secreted in the growth medium, where it may be a substrate
for yeast proteases.
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123 nuclear tRNA genes (Supplementary Table 4), compared to 274
in the S. cerevisiaegenome23. P. pastorishas three tRNA families not
present inS. cerevisiae(tR(UCG), tL(CAG) and tP(CGG)), but also
lacks one tRNA family (tL(GAG)).
Notably, a positive correlation was found between the number of
tRNA genes for a given codon and the frequency of use of this codon
(Spearman r ¼ 0.88; P o 0.0001, Fig. 2c).
DISCUSSION
The genomic sequence ofP. pastorispresented here will facilitate the
development o mproved strains with customized properties for high-
yield protein production with dened post-translational modications.
Promising targets for genetic engineering include inducible promoters
for transgene expression, chaperones that assist protein folding, pro-
teins involved in the secretory pathway and enzymes catalyzing protein
glycosylation, proteolytic processing and other
post-translational modications.
The commonly used methanol-inducible
promoters inP. pastoris—the alcohol oxidase
I promoter10,24 and the formaldehyde dehy-
drogenase promoter25—drive the production
of enzymes needed for methanol assimilation
and therefore produce extremely high levels
of these transcripts upon switching the car-
bon source to methanol. The genome
sequence has allowed identication of all genes coding for enzymes
involved in methanol assimilation and their promoters (Fig. 3a and
Supplementary Table 5a), which can now be studied for their
suitability for transgene expression inP. pastoris. A rst comparative
analysis of these promoters did not reveal obvious commonalities in
sequence motifs or promoter organization (data not shown).
Secretion of heterologous proteins rather than cytoplasmic accu-
mulation is most often the preferred option inPichia-based produc-
tion processes. The yeast secretory system (overview inFig. 3b;
Supplementary Table 5b summarizes the genes discussed in the
remainder of the text) is thus an important engineering target to
obtain optimized strains that are capable o olding and processing a
large ux of recombinant protein. However, many aspects of the
secretory pathway are insufciently characterized. For example, the
knowledge on thePichia chaperones is incomplete and we here
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Figure 3 Pichia pastoris pathways. (a) Methanol
utilization pathway in Pichia pastoris . A detailed
table with the genes coding for the respective
enzymes is shown in Supplementary Table 5a .
1AOX, alcohol oxidase; 2FLD, formaldehyde
dehydrogenase; 3FGH, S-formylglutathione
hydrolase; 4FDH, formate dehydrogenase; 5CAT,
catalase; 6DAS, dihydroxyacetone synthase;
7DAK, dihydroxyacetone kinase; 8TPI,
triosephosphate isomerase; 9FBA, fructose-1,6-
bisphosphate aldolase; 10 FBP, fructose-1,6-
bisphosphatase; DHA, dihydroxyacetone; GAP,
glyceraldehyde-3-phosphate; DHAP,
dihydroxyacetone phosphate; F1,6 BP, fructose-
1,6-bisphosphate; F 6P, fructose-6-phosphate; P i,
phosphate; Xu5P, xylulose-5-phosphate; GSH,
glutathione. (b) Protein secretion pathway.
Schematic representation of the secretion
pathway in P. pastoris . A detailed table with the
genes coding for the components involved in the
represented complexes or processes is shown in
Supplementary Table 5b . The nascent protein is
translocated to the ER by the Sec61 complex and
N-glycosylation sites are glycosylated with the
dolichol-linked Glc 3Man9GlcNAc 2 oligosaccharide
precursor by the OST complex. After processing of
the signal peptide, the protein is folded with the
aid of chaperones. ER N-glycan processing results
in Man8GlcNAc 2 type glycan. O-glycosylation
is also initiated in the ER by the protein-
O-mannosyltransferases. After transport to the
Golgi apparatus, the N-glycans are further
processed to the yeast-typical hypermannosyl-type
glycans. In strains with humanized glycosylation
pathways,4,6 Q16the hypermannosylation is
abolished and the glycans are processed to
Gal2GlcNAc 2Man3GlcNAc 2. After processing
of the pro-domain, the protein is secreted in
the growth medium, where it may be a substrate
for yeast proteases.
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brary showed a fragment distribution between 300 and 900 bp with a maximum
of 574 bp. The optimal amount of ssDNA library input for the emulsion PCR
[27] (emPCR) was determined empirically through two small-scale titrations lead-
ing to 1.5 molecules per bead used for the large-scale approach. A total of 64
individual emulsion PCRs were performed to generate 3,974,400 DNA-carrying
beads for two two-region-sized 70 x 75 PicoTiterPlates (PTP) and each region was
loaded with 850,000 DNA-carrying beads. Each of the two sequencing runs was
performed for a total of 100 cycles of nucleotide flows [27] (flow order TACG),
and the 454 Life Sciences/Roche Diagnostics software Version 1.1.03 was used
to perform the image and signal processing. The information about read flow-
gram (trace) data, basecalls and quality scores of all high-quality shotgun library
reads was stored in a Standard Flowgram Format (SFF) file which is used by the
subsequent computational analysis (see below).
Within this sequencing project, a paired end library of P. pastoris (strain
GS115) was prepared for subsequent ordering and orienting of contigs (see
computational analysis below). Six micrograms of intact genomic DNA was
sheared hydrodynamically (Hydroshear, Genomic Solutions) and purified with
AMPureTMSPRI beads into DNA fragments ∼3 kbp in length. After methyla-
tion of EcoRI restriction sites, a biotinylated hairpin adaptor was ligated to the
ends of the P. pastoris DNA fragments, followed by EcoRI digestion with a subse-
quent circularization[140]. The restriction of the circularized DNA fragments with
MmeI, the subsequent ligation of paired-end adaptors and the amplification of the
remaining DNA fragments resulted in a double-stranded paired-end library 130 bp
in length. For the following eight individual emPCRs of the paired-end library, 1.5
molecules per bead were used to generate 339,480 DNA-carrying beads of which
280,000 were loaded onto a region of a four-region sized 70 x 75 PTP. The sub-
sequent sequencing run with the GS FLX was performed for a total of 42 cycles
of nucleotide flow (see above), and the 454 Life Sciences/Roche Diagnostics soft-
ware Version 1.1.03 was used to perform the image and signal processing. The
information about read flowgram (trace) data, basecalls and quality scores of all
high-quality shotgun library reads was also stored in an standard flowgram format
file, which is used by the subsequent computational analysis.
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2.5.3 Computational analysis of GS FLX shotgun and paired-
end reads.
An automatic assembly pipeline (in-house software, Eurofins MWG Operon) was
used to assemble de novo the generated shotgun and paired-end reads.
For de novo assembly of the P. pastoris genome sequence, a total of 897,197
good quality base-called, clipped shotgun reads with an average read length of
243 bp and a total of 70,500 good quality base-called, clipped 20 bp paired-end
tag reads were used.
Within this pipeline, the information about all sequences and their quality was
extracted from the SFF-file into a FASTA-file and subsequently converted into
CAF format, the input format of choice of the used assembler mira (version 2.9
26rc32) for contig creation. The provided mate and size information (that is, for-
ward and reverse read and the 3 kbp of length) of the paired end reads was used to
scaffold the resulting contigs from the de novo assembly [141].
2.5.4 Assembly
The initial assembly contained 1,154 contigs with 9.6 Mbp sequence and 20 se-
quencing depth. The contig N/L50 was 40/77 kbp. Assembly of the contigs
was performed manually, based on homology between the contig ends. 13 con-
tigs were assigned to chromosomes by identification of the chromosomal markers
previously described [119] (Chromosome 1: HIS4, ARG4, OCH1, PAS5, PRB1,
PRC1; Chromosome 2: PAS8, GAP; Chromosome 3: DAS1, URA3, PEP4; Chro-
mosome 4: AOX1, AOX2). Starting from these contigs, contigs with homologous
contig ends were identified by BLASTN search with 500∼1,000 bp of the contig
ends to a database with the contig sequences. Contigs sharing homology with a
P-value < 1e−20 are assumed to be linked. Pools of potentially linked contigs
were assembled to supercontigs by the SeqMan assembly software (DNASTAR).
The resulting contig junctions were curated by removing the low-coverage ends
of either joined contig. In the cases where the BLASTN P-value was > 1e−50,
the junction was PCR-amplified and Sanger-sequenced. This resulted in ten super-
contigs, with 9.1 Mbp of sequence and a remaining seven unassembled contigs.
The supercontig N/L 50 was 3/1.544 Mbp. The mitochondrial genome was also
assembled and had extremely high coverage (859.9-fold), indicating the presence
2http://sourceforge.net/apps/mediawiki/mira-assembler/
59
Chapter 2
of ∼43 mitochondrial genomes per cell in P. pastoris when grown on glucose as a
carbon source.
2.5.5 Gap joining and finishing
Supercontigs were linked by mapping contigs to paired-end scaffolds (n = 1), and
automated prediction of protein-coding sequences revealed a partial ORF at the
end of a supercontig, homologous to a WD40 domain protein in other yeasts (in-
cluding, Pichia guillermondii homolog PGUG 04385). Finding the other part of
this ORF on one of the unassembled contigs allowed joining of this supercontig to
one of the as-yet unassembled contigs. This was confirmed by PCR and Sanger
sequencing.
Seven of the nine thus-generated supercontigs could be assigned to a specific
chromosome when they contained one or more of the 13 genes for which chro-
mosomal location had been previously established [119] (Figures 2.1b and 2.5c).
For those two supercontigs and the six unassembled contigs where this was not the
case, Southern blot analysis of pulsed-field gel electrophoresis-separated Pichia
pastoris chromosomes (see below) was used for the assignment (Figure 2.5a ).
After assignment to the chromosomes, orientation of the supercontigs and con-
tigs on the chromosomes was determined by PCR analysis with primers on the
contig ends. Gaps were PCR-amplified using primers flanking these regions and
sequenced by Sanger sequencing for finishing.
We detected rDNA repeat regions by Southern blot analysis on all four PFGE-
separated chromosomes (Figure 2.5a). The Southern signal on chromosomes 1
and 4 was as strong as those on chromosomes 2 and 3 combined. Subtelomeric
location of rDNA loci is frequent in yeast genomes [142]. Because of their direct
repeat character, these loci resist assembly by the current methods [143]. Through
PCR, we determined the location and orientation of the rDNA locus at one end
of chromosomes 2 and 3 (Figure 2.5). Our attempts at verification of the rDNA
locus position on chromosomes 1 and 4 (still containing one gap) have so far been
inconclusive.
2.5.6 Pulsed-field gel electrophoresis
A BioRad contour-clamped homogenous electric field CHEF DRIII system was
used for PFGE. Chromosomal DNA was prepared in agarose plugs with the CHEF
Genomic DNA Plug kit (BioRad) following the instructions of the manufacturer.
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Figure 2.5: Chromosome assembly. a: By PFGE and Southern blot detection, 2 supercon-
tigs (FragB and FragD), 4 contigs (c121, c34, c131, c157, c159) and the contig containing
the rDNA repeats (c2) were located on the different chromosomes. Every lane of the blot
was incubated with a probe on an open reading frame of the indicated genome fragment. A
probe on HIS4, GAP, URA3 and AOX1 was chosen to detect chromosome 1, 2, 3 and 4,
respectively. The H. wingeii chromosomes were used as marker for the PFGE, but they also
gave a signal on the blot with the conserved c2 probe. The rightmost 2 lanes derive from a
different gel than the rest of the figure, and chromosomes 2 and 3 were not well resolved on
this gel. Presence of an rDNA locus (corresponding to contig c2) on both of these chromo-
somes was ascertained through PCR (see B). b: Result of the PCRs performed to join the
supercontigs and contigs. Lanes 1-8 are PCR with primers 1&4, 2&5, 625, 12&26, 8&9,
23&62, 15&60 and 17&21, respectively. c: Representation of the chromosomes assembled
by the supercontigs and contigs. The numbers in blue represent PCR primers that were
chosen on each end of the supercontigs and contigs ( 200 bp from the end). The size of the
gap is depicted between each supercontig and contig.
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A 0.8% agarose gel in 1 x modified TBE (0.1 M Tris, 0.1 M Boric Acid, 0.2 mM
EDTA) was used to separate the chromosomes. The gel was electrophoresed with
a 106◦ angle at 14 ◦C at 3 V/cm for 32 h, with a switch interval of 300 s, followed
by 32 h with a switch interval of 600 s and 24 h with a switch interval of 900 s
[119]. After separation, the chromosomes were visualized with ethidium bromide,
and the different contigs were mapped onto the chromosomes by Southern blot
analysis. Therefore, the gel was incubated in 0.25 M HCl for 30 min, followed by
capillary alkali transfer of the DNA onto a Hybond N+ membrane (Amersham).
The probes were prepared by PCR on an open reading frame. For chromosome
specific probes [119], a part of the coding sequence of HIS4 (chromosome 1),
GAP (chromosome 2), URA3 (chromosome 3) and AOX1 (chromosome 4) was
used. The probes were random labeled with α32P dCTP, using the High Prime kit
(Roche).
2.5.7 Automatic gene structure prediction and functional an-
notation
Protein-coding genes were predicted by the integrative gene prediction platform
EuGe`ne [81]. A specific EuGe`ne version was trained based on 108 manually
checked P. pastoris genes. Documented genes from P. stipitis and S. cerevisiae
were used to build P. pastoris orthologous gene models allowing the training of
P. pastoris-specific Interpolated Markov Models for coding sequences and in-
trons. Splice sites were predicted by NetAspGene [144] and gene prediction
from GeneMarkHMM-ES [145] trained for P. pastoris and AUGUSTUS [146]
(Pichia stipitis model) were used to provide alternative gene models for EuGe`ne
prediction. The UniProt and the fungi RefSeq protein database were searched
against the supercontig sequence by BLASTX to identify the coding area. We
used DeCypher-TBLASTX to search the conserved sequence area between the P.
pastoris, P. stipitis and Candida guilliermondii genomes.
All predicted protein-coding genes were searched against the yeast protein
database, UniProt and RefSeq fungi protein database by BLASTP. Protein domains
were detected by InterProScan with various databases (BlastProDom, FPrintScan,
PIR, Pfam, Smart, HMMTigr, SuperFamily, Panther and Gene3D) through the
European Bioinformatics Institute Web Services SOAP-based web tools. Signal
peptide and transmembrane helices were predicted by SignalP and TMHMM re-
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spectively 3. GO (Gene Ontology) terms were derived from the InterProScan result
and the KEGG (Kyoto Encycolopedia for Genes and Genomes) pathway and EC
(Enzyme Commission) numbers were annotated by the annot8r pipeline [147].
2.5.8 Expert gene structure/functional annotation
The gene structure prediction and the database search results from various databases
were formatted and stored in a MySQL relational database. A multiple alignment
of each protein-coding gene with the top ten best hits against the UniProt, RefSeq
fungi and yeast protein database was built by MUSCLE [148]. A BOGAS (Bioin-
formatics Online Genome Annotation System)4 P. pastoris annotation website was
setup as the workspace for expert annotators. The initial aim of BOGAS is to pro-
vide a workspace for gene structure and functional annotation. The editing of gene
structure or gene function assignment is directly updated to the MySQL relational
database through the web interface. All of the modification from expert annota-
tors is traceable and reversible by the database system. Once the expert annotator
modifies the gene structure and changes the translated protein product, the system
will automatically trigger the update function to check the protein domain and pro-
tein database. BOGAS also provides a search function where users can search for
genes by sequence similarity (BLAST), gene id, gene name or InterPro domain.
Each predicted Pichia gene’s structure and the similarity search result was visually
inspected through an embedded strip-down version of Artemis [149]. The splice
sites of each gene were carefully checked and compared with S. cerevisiae and P.
stipitis loci. A functional description of each gene was added to the gene annota-
tion when a closely related homologous gene was available. The result of the an-
notation effort is available at http://bioinformatics.psb.ugent.be/webtools/bogas/.
2.5.9 Estimate of the gene space completeness
Parra et al. [84] proposed a set of core eukaryotic genes (CEGs) to estimate the
completeness of genome sequencing and assembly programs. The CEGs contains
248 genes across six model organisms (Homo sapiens, Drosophila melanogaster,
Caenorhabditis elegans, Arabidopsis thaliana, S. cerevisiae and Saccharomyces
pombe) of which 90% are single copy in D. melanogaster, C. elegans, S. cerevisiae
and S. pombe. We checked our protein-coding genes with the HMM profile from
3http://www.cbs.dtu.dk/services/
4http://bioinformatics.psb.ugent.be/webtools/bogas/
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the CEGs data set by the HMMER package. All of the 248 CEGs were present
in our curated gene set with full HMM domain coverage. On the other hand,
FUNYBASE (FUNgal phYlogenomic dataBASE) [121] provides 246 single-copy
ortholog clusters in 21 sequenced fungal genomes. We extracted these single-copy
protein sequences from the FUNYBASE website and built the HMM model for
each cluster. The corrected P. pastoris protein sequences were searched with the
FUNYBASE HMM database. All of the FUNYBASE models were presented in
our gene catalog with complete domain coverage.
2.5.10 Detection of rRNA and tRNA loci
Ribosomal RNAs were detected automatically by INFERNAL 1.0 (INFERence of
RNA ALignment) against the Rfam [150] database and manually confirmed by
BLASTN search with S. cerevisiae homologs to the P. pastoris genome sequence.
Localization of the rDNA locus was assayed by PFGE and PCR.
Transfer RNAs were automatically predicted by tRNA Scan-SE [151] and
manually confirmed by BLASTN search with the S. cerevisiae homologs to the
P. pastoris genome sequence.
2.5.11 Codon usage
Nucleotide sequences of the predicted P. pastoris ORFeome were analyzed with
ANACONDA 1.5 [152]. In addition to calculation of the codon use, the analysis
by ANACONDA generates a codon-pair context map for the ORFeome. This map
shows one colored square for each codon-pair, the first codon corresponds to rows
and the second corresponds to columns in the map. Favored codon pairs are shown
in green, underrepresented ones are shown in red.
2.5.12 Phylogenetic tree reconstruction of fungal genomes
The phylogenetic tree was based on 200 single-copy genes which were present in
12 sequenced fungal genomes. A multiple sequence alignment was constructed us-
ing the MUSCLE program and gap removal by in-house script based on the BLO-
SUM62 scoring matrix. The maximum likelihood tree reconstruction program
TREE-PUZZLE [153] (quartet puzzling, WAG model, estimated gama distribu-
tion rate with 1000 puzzling step) was used for phylogenetic tree reconstruction.
The tree was well supported by 1,000 bootstraps in each node.
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2.5.13 Comparative analysis of gene family and protein domain
The predicted proteomes used in this study were those of six hemiascomycetes
(P. pastoris, S. cerevisiae, K. lactis, P. stipitis, C. lustianiae and Y. lipolytica)
[154, 155]. In order to obtain the gene families, a similarity search of all pro-
tein sequences from the six fungi (all-against-all BLASTP, e-value 1e−10) was
performed. Gene families were constructed by Markov clustering [156] based on
the BLASTP result. All predicted protein sequences from the six genomes were
searched against the Pfam [89] database to obtain the protein domain occurrence
in each species. The protein domain loss and acquisition was counted based on the
Dollo parsimony principle by the DOLLOP program from the PHYLIP package
[157].
2.5.14 Accession numbers
The P. pastoris genomic sequence has been deposited in the EMBL Nucleotide
Sequence Database (Accession numbers FN392319 - FN392325).
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3.1 Abstract
The first genome sequences of the important yeast protein production host Pichia
pastoris have been released into the public domain this spring. In order to provide
the scientific community easy and versatile access to the sequence, two web-sites
have been installed as a resource for genomic sequence, gene and protein informa-
tion for P. pastoris: A GBrowse based genome browser was set up1 and a genome
portal with gene annotation and browsing functionality at BOGAS2 web site. Both
websites are offering information on gene annotation and function, regulation and
structure.
In addition, a Wiki based platform allows all users to create additional infor-
mation on genes, proteins, physiology and other items of P. pastoris research, so
that the Pichia community can benefit from exchange of knowledge, data and ma-
terials.
3.2 Commentary
Modern biological research requires genome sequence information of the organ-
isms of interest for numerous applications: the development of transcriptomics
methods like DNA microarrays relies on genome data, proteomics needs a genome
sequence for efficient identification of proteins, metabolic modeling and flux anal-
ysis is based on the knowledge of ideally all enzymatic reactions encoded in the
genome of an organism. Systems biology, as the synthesis of the above men-
tioned techniques [158], relies on comprehensive genome sequence data. Sys-
tems biology is most advanced for a few model organisms, for which genome se-
quencing has been an international challenge funded with public support. Systems
biotechnology, the application of these approaches to biotechnological strain and
process development, faces the same needs [159]. However, genome sequencing
of biotechnologically relevant organisms has mainly been pursued with corporate
support, and the results were kept confidential over years for commercial exploita-
tion. A major disadvantage of this strategy is the delay of basic research related to
these organisms, negatively affecting the knowledge of organisms with the highest
relevance for industry.
One such example is the yeast Pichia pastoris, widely used for heterologous
1http://www.pichiagenome.org
2http://bioinformatics.psb.ugent.be/webtools/bogas
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protein production (reviewed[160, 161]), but also for the production of metabo-
lites [162, 163]. The major research areas towards implementing P. pastoris as a
production host for heterologous proteins are engineering of glycosylation [164,
113, 114] and protein folding and secretion (reviewed[165]]). A draft genome
sequence has been available commercially since approximate 5 years and omics
methods have been developed based on this sequence (transcriptomics [166, 167];
proteomics [168]; metabolic flux analysis ([169, 170]), but the strict obligation
to keep sequence information confidential has hampered publication of relevant
data and collaborations, so that the community could not benefit from exchange of
knowledge, data and materials.
To bridge this gap we have published the genome sequences of two P. pastoris
strains, DSMZ 70382 [171] and GS115 [17], obtained with next generation se-
quencing technologies. Versatile access to genome sequences is a prerequisite for
efficient utilization of the information. Therefore a genome browser was set up at
http://www.pichiagenome.org with a main focus on P. pastoris DSMZ 70382 and a
genome portal with the gene annotation and browsing functionality for P. pastoris
GS115 at BOGAS 3.
Both of these Pichia sites serve as a resource for genomic sequence data and
gene and protein information for P. pastoris. The genome browser (GBrowse for
DSMZ 70382 and AnnoJ4 for GS115) allows users to view and navigate genomic
sequences including non-translated regions of the genome. BLAST searches for
comparing any query sequence against the P. pastoris dataset, full text searches and
gene/sequence resources (Get Sequence) serve to retrieve, display and analyze a
gene or sequence in many ways, such as protein translation. In the near future,
a comparison of the genome of different strains will be added to both genome
browsers.
The genome browser of P. pastoris DSMZ 70382 is based on the Generic
Genome Browser (GBrowse) which consists of a web interface and a database
back-end. The system was developed by the Generic Model Organism Database
project5 [172] for the purpose of exploring genomic sequences together with an-
notated data. GBrowse has already been used successfully in various genome
database projects like SGD, FlyBase or WormBase and its functionality will there-
fore be familiar to many researchers. The browser simultaneously provides a bird’s
3http://bioinformatics.psb.ugent.be/webtools/bogas
4http://www.annoj.org/
5http://www.gmod.org/
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eye view and detailed views of the genome and facilitates easy navigation through
the genome using its zoom capacity. A flexible display of a variety of features,
including genes, proteins, RNAs, GC content and restriction sites, on separated
customizable tracks permits the user to adapt the browser to his or her needs. The
visualization of Microarray probe locations allow for the direct access to specific
probe sequence and location of published microarray designs [167]. The Pichia
Genome Browser further allows locating DNA or protein sequence patterns, to de-
sign sequencing and PCR primers and to display restriction maps for a sequence.
Several search functions are implemented, including a full text search of the gene
annotation. Each gene has a details page where further information about the gene
such as its annotation or assigned Gene Ontology (GO) terms [173] is displayed.
Apart from the DNA, the coding and the translated sequence of a gene, an up- or
downstream region can be specified to be displayed on this page. At the bottom of
each details page, links allow users to directly send the specific sequence to other
analysis tools such as BLAST. Furthermore, the results of a precalculated Inter-
ProScan pattern search [88] are displayed for each annotated protein and can be
accessed through the respective link. A comments section enables researchers to
add information to their genes of choice. Data downloads are available either in
the format of decorated FASTA files or GFF files which include gene annotation.
Future work on the genome browser of P. pastoris DSMZ 70382 will include a
genome snapshot which will summarize the status of annotation and the distribu-
tion of gene products among functional groups. Batch download processes and an
extension of the tools section are planned as well as a platform for the community
to share experiences and knowledge in order to promote collaboration. Tutorials
for GBrowse are available at the web site6 7.
Except the basic genome browsing and search function, the genome portal of
GS115 strain also provides a comprehensive protein-coding gene annotation by
the BOGAS (Bioinformatics Gent Online Genome Annotation System). The BO-
GAS is a gene centric concept, which means the information is provided based on
the information related to the gene. Each gene has it’s own annotation page which
provides an overview of the gene information including the annotator, gene func-
tion, gene ontology, protein domain, protein homologs, gene structure, CDS and
protein. The annotator information tells who and when annotated this gene and the
history log to go back to previous version. Gene function field is filled by anno-
6http://www.openhelix.com/gbrowse
7http://gmod.org/wiki/Gbrowse
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tators with the full gene function and a dictionary to provide a standardized gene
nomenclature (short name). The BOGAS system automatically updates the protein
information to provide the gene ontology and protein domain by InterProScan, the
protein homologs and the multiple alignment by BLASTP and MUSCLE [148]
when the user updates the gene structure.
The most important feature of BOGAS system is that it allows the registered
users to update the information. Users can correct existing gene structure or cre-
ate new genes by the annotation software (Artemis [149] or GenomeView8) and
contribute their expert biological domain in the gene function field. Since the BO-
GAS provides the history log function, other experts can update the information
and the community members can trace these changes in few clicks. The full text
search function in BOGAS can search across locus id, protein domain, genomic
location and annotator information. The BLAST function also provides bidirec-
tional link between the query sequence and the possible gene or genomic region.
After running the sequence similarity search to fish out the candidate gene or ge-
nomic sequence, the user will be linked between the BLAST search result and the
corresponding gene region.
As it has been adopted already to a large extent, we suggest that P. pastoris
gene names should follow the format established for S. cerevisiae gene names.
A detailed guide to S. cerevisiae nomenclature has been published in Trends in
Genetics [174]. The gene name should consist of three letters followed by an
Arabic number (e.g. TPI1). Where P. pastoris and S. cerevisiae genes appear to
be orthologous, they should share the same gene name. The use of prefixes adds
clarity to papers discussing genes from different species that share a name (e.g.,
PpURA3 vs. ScURA3), but the gene names themselves do not include the prefix.
These two Pichia pastoris genome sites have been developed as a service for
the scientific community. The remote annotations can be added either by informing
the authors or through the BOGAS system. The Wiki based platform will allow
to create additional information on genes, proteins, physiology and other items of
P. pastoris research. We invite the P. pastoris community to join our efforts by
providing new information on gene annotation, function, regulation and structure.
8http://genomeview.sourceforge.net/
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4.1 Abstract
The genome sequence of the methylotrophic yeast Pichia pastoris strain GS115
had been sequenced and was assembled into four chromosomes. The genome has
been completely annotated. The widely used GS115 strain was derived more than
two decades ago by random chemical mutagenesis from the parental strain NRRL
Y-11430. The strain was selected from mutagenesis for histidine auxotrophy and
retained rapidly for growth on methanol. Little is known about the induced mu-
tation effects on the GS115. The GS115 genome assembly was solely based on
the 454 platform and the assembly error rate is better than 1/30,000 base pairs
with in total ∼300 errors, mostly in homopolymer regions. The homopolymeric
sequences influenced the precision of the gene annotation; an ever better accuracy
would result in a more precise gene annotation.
Here we have sequenced the parental strain NRRL Y-11430 by two next-
generation sequencing platforms (Roche/454 and Illumina/Solexa) and we have
additionally sequenced the GS115 strain using Illumina technology. The qual-
ity of genome sequence was improved by careful integration of both sequencing
technologies and the genome annotation were subsequently updated. This enabled
the identification of SNP sites between the parental and the NTG mutagenized
daughter strain. The effects of the mutations on protein function were predicted by
SNAP. Moreover, the probes represented a newly designed P. pastoris microarray
was mapped to the updated genome, and the entire genomics resource was made
publicly available online 1.
In this study we provided a case study of how the integration of two current-
generation sequencing technologies leads to a genome quality which is sufficient
to call chemical mutagenesis-induced SNPs and ribosomal DNA variations on a
genome-wide scale. We identified a single base change site at HIS4 gene, which is
responsible for histidine auxotrophy of GS115. Other tentative functional mutation
sites relate with known mutant phenotypes were identified as well. The genome se-
quence was corrected after two interactive mapping-correction processes. Genome
annotation especially small genes were updated with additional computational val-
idation.
1http://bioinformatics.psb.ugent.be/webtools/bogas/overview/Picpa
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4.2 Introduction
Pichia pastoris is known among the Ascomycetes both as a model organism for
cell biology studies (mainly for ER export and peroxisome biogenesis) and as a
heterologous protein production host. This methylotrophic yeast was first selected
for its capacity for heterologous protein expression under methanol assimilation
but it became a model system to study peroxisome assembly and the secretory
pathway as well. We have previously generated a high quality whole genome
sequence of Pichia pastoris type strain GS115 by the 454 GS-FLX sequencing
method [17]. The GS115 strain was derived from the parental strain NRRL Y-
11430 by nitrosoguanidine (NTG) induced mutation [138]. However, the over-
all induced mutation rate, the location of mutation sites and the genes affected
have never been studied so far. The DNA-damaging agent N-methyl-N’-nitro-
N-nitrosoguanidine also known as nitrosoguanidine (NTG, MNG or MNNG) is
widely used as a mutagen in cancer research because it induces cell cycle arrest,
apoptotic cell death or senescence. It is also a common mutation inducing agent
in bacteria and yeast, not only for DNA mismatch repair research but also for
specific phenotypic selection, in our case – selection for histidine auxotrophy and
rapid growth on methanol. Like another commonly used mutagen – Ethyl Methane
Sulfonate (EMS), NTG most frequently induces the G/C to A/T transition muta-
tion type [175]. The underlining mechanism of NTG induced mutations is that
the NTG treatment will mutate guanine to O6-methylguanine (m6G). The m6G
can pair with cytosine or thymine during DNA replication process, which results
in G/C to A/T transition mutations [175]. The NTG induced mutations normally
cause single base transition and in few cases cause transversion [176, 177] but it
has not been reported to cause large chromosome structure variation.
There is currently an increasing interests in academia and industry alike to use
genome engineering technique for the generation and elucidation of fundamental
and biotechnologically relevant phenotypes from bacteria [178], worm [179], fly
[180] and yeast [176, 177]. NTG and EMS are the most often used agents to induce
point mutation in such approaches. Therefore, strain comparison between Pichia
pastoris GS115 and NRRL Y-11430 provides an excellent opportunity to study
the requirements on sequencing technology to identify such point mutations in a
small eukaryotic genome and to study the frequency of mutational events induced
by NTG.
The major known systematic sequencing error from 454 technology are the
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uncertain sequence length of homopolymeric tracts and the forward-insertion near
the homopolymeric region [29]. We estimated the frequency of indels to cause
frameshift in the protein-coding gene regions is ∼1/37 kb in the GS115 reference
sequence [17]. The complementary sequencing method from Illumina does not
suffer from the uncertain length problem of homopolymeric sequences though it
has a higher base call error in the 3’ ends of reads. Therefore, it should be pos-
sible to correct indel errors in the GS115 sequence by integrating with Illumina
sequencing. Comparing the sequence from CBS 7435 and NRRL Y-11430 to the
GS115 reference sequence will not only identify the strain variations but also help
to correct base insertion or deletion errors in the reference sequence. Moreover, we
further studied two anomalies detected in the different strains. The parental strain
has an apparent high copy number of two linear plasmids but no evidence of this
is found in the GS115 sequencing. Second, there is another dramatic difference in
ribosomal DNA sequence polymorphism between the parental strain and GS115.
In addition to improving the reference genome sequence, we aimed at updating
the gene prediction of the GS115 strain with special focus on small genes (<200
a.a.). The initial gene prediction revealed 5,313 protein-coding genes, and one-
fifth of the predicted protein sequences are shorter than 200 amino acids. Small
gene prediction is still a challenging task because of low signal-to-noise ratio,
especially in the absence of orthology to homologous genes in other organisms.
Therefore, many gene prediction pipelines tend to discard the small genes under a
certain length threshold. However, many but not all of the P. pastoris small genes
are known to be involved in important biological processes. For instance, the
Acb1 gene is secreted through an unconventional secretion process. The secretion
is tightly mediated by the import of the peroxisomal matrix protein and is nec-
essary for sporulation [181]. Further experimental and computational validations
would help to distinguish whether these small genes without a clear functional
ortholog were falsely predicted or are biological relevant. In conjunction with in
silico validation, gene models were confirmed by the presence of gene expression
on microarray, shotgun proteomics and RNA-seq experiments. To further enable
Pichia functional genomics research, we designed a new Pichia pastoris microar-
ray (Agilent) based on the GS115 annotation and presented the oligonucleotide
probes on the genome annotation portal.
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4.3 Results
4.3.1 Strains sequencing, reference sequence update and the
identification of point mutation sites
The improvement of reference genome coverage and the sequencing error cor-
rection
In this study, we used the Illumina platform to obtain 67.5 million of GS115
50-bp paired-end reads, 3.2 million of NRRL-11430 46-bp single-end reads and
12.4 million of NRRL-11430 36-bp paired-end reads. The GS115 454 data was
obtained from De Schutter et al. [17] and the CBS 7435 454 and Illumina data were
obtained from Ku¨berl et. al [182] (Table 4.1). Only high quality reads without
duplicates (see Material and Methods) were retained for polymorphism detection.
We first evaluated the influence of different mismatch numbers for the mapped
reads during sequence alignment in the MOSAIK program [34]. In the Illumina
dataset, allowing zero mismatch, ∼60% reads can map to the genome whereas
∼80% had 0 or 1 mismatch. Allowing five mismatches in the 454 data, ∼70%
reads can align to the reference genome. This ratio is close to the reference map-
ping studies in other organisms [183] (Figure 4.2). The MOSAIK program aligned
0.4∼56 million reads to the reference genome and the sequence coverage in each
library range from 20 to 600 fold (Table 4.1). The sequencing depth were reduced
to 8 to 156 fold after removing low-quality and duplicate reads - the proportion of
duplicate reads ranged from 16% of the 454 libraries to 82% of the 3-kb mate-pair
Illumina library (Figure 4.3). Therefore, the sequence coverage of GS115 454 data
is lower than the previously reported 20-fold [17] because the available number of
reads was reduced. However, combining the 454 and the Illumina data from the
GS115 strain, we improved the GS115 reference genome coverage to 171-fold.
With the paired-end and mate-pair Illumina reads, we confirmed the misassem-
bled inverted repeat region between DAS1 and DAS2 locus [182]. These two genes
are highly similar (93% identity) and share a 498 bp identical 5’ DNA fragment. It
was difficult to separate two sequence fragments apparently even with the Sanger
sequencing method. The available DAS1 (ACN76559) and DAS2 (ACN76560)
sequence on the NCBI database were misassembled by mixing the 5’ part of the
nucleotide sequence as well. The single end 454 read could not resolve the long
identical region and the first release of the GS115 reference sequence was therefore
misassembled. The inverted repeat region was corrected by switching the adja-
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cent sequences of two repeat fragments and confirmed by the Illumina paired-end
data. In addition to correct the sequence assembly, the paired-end and mate-pair
library also helped to connect two adjacent contigs. Based on the previous PFGE
experiment, contig34 was known to link to the south end of chromosome 1 but
interrupted by an unknown direction and unknown number of rDNA tandem array.
The Illumina data support the PFGE result and the contig direction was confirmed.
However, the Illumina data cannot provide the precise number of tandem rDNA
array therefore we placed 100 bp of N bases between chromosome 1 and contig34
in the independent genome sequence.
The sequence reads from the parental strain covered most of the GS115 refer-
ence genome sequence (>99.2%) indicating the low sequence divergence between
the parental and the mutant strain (GS115). In addition to the sequence coverage
data, the Illumina paired-end data indicated no detectable structure variation be-
tween the parental and the mutant strain (data not shown). The high sequence cov-
erage from the parental strain to the reference genome without structure variation
confirmed that the NTG mutagenesis did not induce the chromosomal rearrange-
ment.
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Chapter 4
We concluded a reference sequence error when the detected indels/SNPs (in-
sertion, deletion and single nucleotide polymorphisms) were presented in the se-
quence reads from all datasets (GS115 and the parental strain). Because the in-
teractive read mapping-correction procedure can improve the genome sequence
quality and more reads were mapping onto the reference sequence [184]. We ap-
plied this method to correct the reference sequence and visually inspected the reads
mapping under GenomeView [185]. The mapping-correction procedures were re-
peated twice at whihc point no further new sequence polymorphisms were identi-
fied. The increase of mapped read numbers after sequence correction also confirms
the improvement of genome sequence quality (Table 4.1). In total, ∼320 bases
were manually corrected in the reference genome. Consequently, we concluded
that the error rate in the published reference sequence was then quite correctly es-
timated at 1/37 kb. The updated genome is expected to be extremely error-free in
the corrected regions, far exceeding the established standards for genome finishing
(1 error/10 kb) and the approximately 1/million bases of error rate.
Point mutation sites in the reference genome
Based on the reference mapping, a single nucleotide polymorphism site only
present in the parental datasets and not in the GS115 dataset was interpreted as a
true point mutation. We identified 89 candidate single base changes between the
parental and the mutated (GS115) strain. After visual inspection, 18 SNP sites
were false-positive calls due to the failure of aligning reads in the low complex-
ity region of the reference genome. In total, we identified 64 single nucleotide
polymorphisms of which four sites are nucleotide transversion and 60 sites are
transition between the parental and the mutated (GS115) strain (Table 4.2 ). The
dominant SNP types are C to T (32) and G to A (22) transition, which is consistent
with the expected NTG mutation type. The induced mutation frequency in the nu-
clear genome is ∼1 mutation / 130 kb. Of the 64 high confidence point mutation
sites, two sites are in the intergenic regions, one locates in one intron, 52 locate
in the exons and 9 are in the less than 1,000 bp 5’ untranslated region of genes.
Among the SNPs locating in the exonic region, 15 are silent mutations and 37
are nonsynonymous mutations (nucleotide sequence change will cause amino acid
change).
We estimated the effect of nonsynonymous amino acid change from the parental
strain to the mutated strain by SNAP (screening for non-acceptable polymorphisms)
and SIFT (Sorting Tolerant From Intolerant) programs [186, 187]. SNAP uses the
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neural network-based method for the prediction of the functional effects and SIFT
relies on the conservation of residue positions in the protein family. Among the 37
nonsynonymous mutations, SNAP preducted 14 genes with non-neutral mutation
and SIFT predicted nine genes were predicted damaged. (Table 4.2).
The histidinol dehydrogenase-defective methylotrophic yeast was selected for
the construction of an efficient transformation host. The mutant strain P. pastoris
GS115 carrying his4 gene was found with no detectable histidinol dehydrogenase
activity and had very weak reversion ability to histidine prototrophy [188, 138].
The his4 gene was used as a selection marker during transformation. As expected,
the protein function of his4 in GS115 is predicted to be altered. The less frequent
nucleotide transition (T–>C) caused Arginine (R) to Cysteine (C) change at the
amino acid 557 in the HIS4 gene. However, based on the homology modeling
result, there is no protein structure stability change between the normal and the
damaging HIS4 gene (data not shown).
Surprisingly, many genes involve in the protein translocation were predicted
with damaging function. Signal recognition particle (SRP) receptor is a heterodimer
locating on the endoplasmic reticulum (ER) membrane with a GTP-binding do-
main as the docking site for the SRP [189]. The docking complex, composed by
SRP and SRP receptor, is responsible for the cotranslational translocation of the
nascent secretory protein across the ER membrane. The point mutation occurred
at the residue 269 and caused the Asn –> Asp substitution (N269D).
tRNA exportin (Xpot or Los1) is involved in the translocation of mature tRNAs
from nuclear into cytoplasm through the nuclear pore complexes (NPCs). Xpot
binds to tRNA in the presence of the high concentration GTP-bound form (RanGTP)
in the nucleus. Xpot is composed by 19 tandem HEAT repeats and forms a U-
shaped conformation. RanGTP mainly interacts with the N-terminal arch of Xpot
and tRNA contacts the C-terminal part of Xpot [190]. The point mutation site of
GS115 (M140V) locates on the RanGTP interacting region and is likely to influ-
ence the binding efficiency of Xpot and RanGTP.
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Chapter 4
Mitochondrial GTPase 1 (MTG1) codes for a mitochondrial inner membrane
protein and the presence of MTG1 increased the mitochondrial translational activ-
ity. It involves in the assembly of the large ribosomal subunit by interacting with
domain V of the ribosomal protein or transiently stabilizing an RNA fold [191].
The mutation site (M193V) locates in the Switch II region of the Ras like GT-
Pase domain. In E. coli, this region undergoes conformational changes upon GTP
binding [192].
Malate synthase (MLS1) with mutation site S478P, in S. cerevisiae, the gly-
oxysomes are proliferated when the yeast cells use ethanol or oleic acid as the
carbon source [193]. The glyoxysomes harbor the key glyoxylate cycle enzyme
malate synthase and this enzyme is involved in the degradation of allantoin. The
malate synthase remained in the cytosol under the ethanol-grown condition but it
translocated to the glyoxysome when using oleic acid as the carbon source. The
SKL tripeptide is required to represent as the peroxisomal targeting signal PTS1.
SEC24-related protein 3 (SFB3) with mutation site T3A is homologous to the
COPII-coat subunit Sec24p, which is a peripheral ER membrane protein that binds
to the COPII subunit Sec23p [194]. The SFB3 is used for the efficient export of
the plasma membrane proton-ATPase (Pma1p) from the ER into the Golgi com-
partment. The Pma1p is one of the most abundant cargo molecules in the secretory
pathway (25∼50% of the total plasma membrane protein) that translocates proton
across plasma membrane.
Other predicted damaging proteins with known protein function including the
lipase involving in broad lipid metabolism. Chitin transglycosylase (CRH1) be-
longs to the group of fungal GH16 members. The CRH1 involves in an important
step of cell wall assembly for the linkage of chitin to β(1-3)glucose branches of
β(1-6)glucan [195].
Another group of proteins without predicted damaging on protein function but
are important to protein assembly including: Vacuolar protein sorting-associated
protein 35 (VPS35), it forms a retromer protein complex with other four proteins
(Vps29, Vps26, Vps30, Vps5 and Vps17) and the retromer involves in recycling
membrane protein sorting receptor from endosomes to the trans Golgi network
[196]. The Vps26-Vps29-Vps35 trimer participates in cargo binding and is re-
ferred to as the ‘cargo recognition complex’ [197]. Dopey protein (DOP1) is
an evolutionary conserved large cytoplasmic protein but the function is largely
unknown. It exists in a complex with two other conserved proteins: NEO1 and
MON2, the later one binds DOP1 to recruits DOP1 to the Golgi apparatus [198].
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DOP1 is an essential protein for normal S. cerevisiae growth and plays a role in
the secretory pathway for protein trafficking between Golgi and early endosomes.
DOP1 is also required for fission of ER tubules to maintain the normal structure
and organization.
A group of cell wall membrane proteins were affected by the NTG mutagen-
esis as well. Calcofluor white hypersensitive protein (CWH43) containing 14-16
transmembrane domain with several putative phosphorylation and glycosylation
sites [199]. It is a sensor/transporter protein acting in parallel to the main PCK1
pathway to maintain the cell wall integrity. It also involves in the remodeling of
the lipid moiety of GPI anchors to ceramides. The cell wall assembly regulator
(KNR4/SMI1) involves in the PKC1-dependent MAP kinase pathway for cell wall
synthesis and cell growth and interacts with more than 100 partners in different
cellular process [200]. The point mutation site locates in the structure central core
region (80-340 a.a.) though the N- and C- termini part of the protein are probably
responsible for fine regulatory function. Furthermore, KNR4 suppressed the cwh
(cerevisiae calcofluor-white-hypersensitive) mutant and regulate the chitin deposi-
tion and in cell wall assembly.
4.3.2 High sequence divergence of rDNA sequence
Differences in the sequence of the ribosomal DNA are frequently used to determine
the phylogeny of different species and strains. In fungi, a highly variable D1/D2
region of the large-subunit (26S) rDNA is used for this purpose [201, 202, 203].
Based on the 18S and 26S rDNA sequence, a new genus Komagataella was pro-
posed [201] and placed strain NRRL-11430 (and GS115) as K. phaffii while the
protease deficient strain (DSMZ 70382) was classified as K. pastoris [204]. In
order to improve the phylogeny resolution, we included the previous published K.
pastoris [171] sequence for the rDNA comparison.
The GS115 strain was estimated to contain ∼16 rDNA copies locating on all
chromosomes [17]. Because it is not possible to reconstruct the individual rDNA
array on each chromosome, we used one consensus 7 kb GS115 rDNA unit as the
reference sequence. Sequence reads from each strain were mapped to the reference
rDNA sequence in 60-bp bin size with loose BLASTN parameters (see Material
and Methods) to allow the alignment of diverge rDNA units. The identified rDNA
related reads in each data set range from 3,115 to >1.6 million reads where the
GS115 Illumina dataset has the highest copy due to the sequencing was done on
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the latest sequence platform. The DSMZ 70382 strain has least aligned reads
because the rDNA unit is very divergent with the GS115 related strains.
To further investigate the rDNA sequence variations within and between each
dataset, sequence reads of the 20 bp core sequence in each 60-bp bin alignment
were extracted for the multiple alignment. The short 20-bp sequence length allows
MUSCLE to handle the large set of sequence (>1000 reads) for multiple align-
ment. Based on the 20-bp bin multiple alignment result, the consensus base was
chosen when there were more than 75% of reads support the base position. On the
other hand, the base position was marked as a partial single nucleotide polymor-
phism (pSNP) [143] when there are more than 5% of reads support an alternative
consensus base. In total, we identified 576 polymorphism sites in all dataset (in-
cluding base substitution, insertion and deletion): 322 sites in the rRNA-coding
genes, 6 sites in the internal transcribed spacers 1 (ITS1), 28 sites in the ITS2, 220
sites in the external transcribed spacers (ETS1 or EST2). The number of polymor-
phisms in the ETSs regions was underestimated because the sequence reads with
more than 10 mismatches in the BLAST alignment were excluded for the multiple
alignment analysis.
The rDNA polymorphisms were not distributed evenly over the rDNA repeat
(Figure 4.1). In contrast to the short sequence length, the ITS2 region harbors
the highest sequence variations. The ITS regions evolve faster than the rRNA gene
because they have less functional constraint. However, in contrast to our result, the
genome wide survey of the S. cerevisiae sequencing reads showed higher sequence
variations in the ITS1 than the ITS2 [143]. In order to confirm the correct order
of ITS1 and ITS2 on the rDNA sequence, the universal ITS primers were aligned
to the rDNA sequence [205]. The primer pairs ITS1 and ITS2 for ITS1 locus are
located on 2,143 bp and 2,318 bp and primer pairs ITS3 and ITS4 for ITS2 locus
are placed on 2,303 bp and 2,514 bp. The in silico primer hybridization confirmed
the correct placement of the ITS1 and ITS2.
Because the D1/D2 sequence was used to identify the intraspecies diversity
[202], we carefully inspected the multiple alignments in this region. Aligned reads
occurred in less than 5% of the multiple alignment were removed because we
cannot reliably accessed the sequence quality from the small number of reads.
Unexpectedly, the 26S rDNA D1/D2 sequence shows high sequence variations
between and within strains. There are two types of D1/D2 sequence (Type 1:
GTGGCACACGACCTCT and Type 2: GTAGCACGGTCAACCT) in the GS115
related strains (GS115, NRRL Y-11430 and CBS 7435) whereas the DSMZ 70382
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Figure 4.1: The rDNA sequence polymorphisms and copy number variation distri-
bution The red dots represent the number of sequence polymorphisms in a 20-bp bin size
and the blue line represent the read coverage in the same bin size. Average reads coverage
in each dataset is shown by the green dash line. The D1/D2 region on the 26S rDNA is
highlight by the brown box.
contains only one unique type of D1/D2 sequence (Type 3: GTAGCATACAAC-
CAATCT) (Table 4.3). In the GS115 related genomes, different rDNA arrays are
likely to carry different types of rDNA copy.
Furthermore, there is great sequencing reads number differences of two vari-
ants between the GS115 and the parental strain. The Type 1 D1/D2 reads presents
in more than 30% of the GS115 sequence but it has less than 5% in two parental
strain dataset. The Type 1 D1/D2 rDNA is likely maintained in very low fre-
quency in the parental strain genome but the GS115 strain has ∼1/3 of the rDNA
units carry the Type 1 variance. The expansion of the Type 1 variant in GS115 was
probably due to the homologous recombination in the tandem array. On the other
hand, the Type 1 variant might have higher ribosomal RNA transcription efficiency
and contributes to the higher protein production.
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Sequence differences between datasets
The Pichia pastoris genome contains two linear double-stranded DNA plas-
mids [206]. Unlike other autonomous cytoplasmic yeast plasmids secret killer
toxins to other competent strains presented in the medium, P. pastoris does not ex-
press toxic activity to other 14 indicator strains [206]. However, two killer plasmid
DNA fragments were absent in the previous published GS115 genome sequence,
which was sequenced by the 454 GS-FLX instrument. We therefore investigate
the existence of the killer plasmid DNA in other dataset.
Based on the de novo assembly on the CBS7435 and NRRL Y-11430 sequence,
two plasmids were assembled into two contigs (10 kb and 2 kb). This result con-
firmed the presence of the linear DNA plasmid in the P. pastoris genome [206].
However, we cannot identify the assembled fragments from the GS115 454 and
Illumina data. Using the assembled plasmid contigs from CBS745 and NRRL Y-
11430 as the template sequence, only partial of the plasmid sequence were aligned
with the GS115 sequencing reads. This result suggests that the complete killer
DNA plasmids in the GS115 genome were disrupted.
4.3.3 Update of genome annotation
The first genome annotation of the GS115 strain was done applying the gene pre-
diction program - EuGe`ne [81] was subsequently curated by expert annotators.
We labeled 236 genes as low confidence of their existence based on the following
conditions: 1) small proteins (shorter than 200 aa) without similarity to protein
database; 2) multi-exon genes with homopolymer region within intron sequence
or around the exon/intron junction. After the reads mapping or compare with ad-
ditional de novo assembly result by MUMmer, the uncertain multi-exon regions
Table 4.3: Three D1/D2 variants in the 26S rDNA sequence.
Strain    
GS115 -1 GTGGCACACGACC TCTT 1441 1441 
GS115-2 GTAG--CACGGTCAACCTT 2731 2731 
CBS-1 GTGGCACACGACCAATCTT 27 11 
CBS-2 GTAG--CACGGTCAACCTT 1158 678 
NRRL-1 TAGCCCCGTAGCACGGCCAA CCTCCCCAGCCGACAGAGTC 6  
NRRK-2 TAGCCCCGTAGCACGGTCAA 459  
DSMZ    
    !!
 D1/D2 sequence 
 GTGGCACACGACCAATCTT GTAGCACGGTCAACCTT GTAGCATACAACCAATCT 
GS115 38 213 0 
CBS7435 9 69 0 
NRRL Y-11430 8 483 0 
DSMZ 70382 0 0 257 !
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were manually checked and the gene structures were subsequently updated.
The gene prediction on small proteins is still a challenge task though they
play important biological roles like signal transduction, regulation and pathogen-
esis. The coding potential in such regions are easily been ignored or in contrast
produce too many false positive predictions. Our previous gene prediction pa-
rameter tends to over predict the small protein coding genes and predicted ∼1000
small genes (<200 aa). We verified the small genes by the sORF package [207]
and searched against other ascomycetes genomic sequence by TBLASTX. One
hundred and thirty-nine (<100 aa) gene models have neither support by sORF
package nor have similar coding regions in other ascomycetes genomes and were
subsequently removed. Proteins sequence length between 100 aa and 200 aa were
verified only by similarity search because the sORF package can only verify the
<100 aa sequences. One indication of wrongly predicted intron sequences will be
that they show high sequence similarity with other yeast genomes in the coding
region. We therefore extracted the GS115 intron sequences and searched against
the ascomycetes genomic sequence by TBLASTX. The intron sequence show-
ing sequence similarity (e-value < 0.001) to other yeast genomes were manually
checked. We removed/modified introns and updated the corresponding gene mod-
els.
Based on the first release of the GS115 gene prediction and the design in the
previous microarray (ArrayExpress design A-MEX-1157), we designed a new set
microarray probes. In total, 5,354 probes corresponding to 5,312 unique genes
were designed on the new microarray.
In addition to the in silico data confirmation on gene models, we obtained two
proteomics experiment data and one RNA-seq data from Dr. Steve Oliver (per-
sonal communication). The proteomics data confirmed the existence of 688 gene
models. In total, the latest gene prediction contains 5,319 genes. The proteomics
information is available through the BOGAS portal. We used the anonymous li-
brary information to protect the unpublished proteomics data on the BOGAS web-
site.
4.4 Discussion
In the Human Genome project, it was estimated to have one error per 10 kb in the
finished sequence. The reference sequence error rate varies a lot depending on the
content of the genome (base composition, repeat sequence, the history of genome
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duplication and the ploidy status of the genome). There are software available to
automatically correct the reference genome sequence using two complementary
sequencing platforms through an interactive process [184]. The mappable short-
reads number from Illumina increased after interactively corrected the reference
sequence errors (Table 4.1). However, through the automatic fashion, one loses
the coordinate position of the original gene structure and it still requires manual
inspection to correct the gene structure in the corresponding region. Therefore,
we updated the GS115 reference sequence and gene annotation by interactively
manual inspection. Furthermore, the high sequence coverage from each strain
(>20x, Figure 4.1 ) provided the high reliability of the polymorphism detection
[176].
Irvine et al. [176] reported the whole-genome sequencing on five Schizosac-
charomyces pombe swi*603 strains which were derived from the NTG mutation
as well. They identified 73 single base changes in the swi*603 DI36 strain both
in the Sanger 972h− reference and the Broad 972h− strain. The overall single nu-
cleotide base change is ∼ 1 mutation/191 kb, which is similar to the mutation rate
in P. pastoris (1 mutation/130 kb). Notable, based on the identified sequence dif-
ference between the Sanger and Broad 972h− strain, the laboratory isolates derived
from the same strain contains about one base every 100K base pair differences. On
the contrast, the 14 point mutation sites identified in P. stipitis Shi21 strain with
much lower mutation rate (1 mutation/1 Mb) [177]. The Shi21 was derived by two
mutagenesis treatments, the first time by nitrosoguanidine and the second time by
EMS. The dominant nucleotide substitution types in two mutagenesis are both G/C
to A/T transition. It is less likely that the following EMS treatment caused the re-
verse mutation on the Shi21 strain and reduced the mutation sites. One possibility
is that the GS115 strain had experienced very high nitrosoguanidine concentration
treatment or it has exposed to the mutagen for a longer period of time. Another ex-
planation might be that the mutation sites in the Shi21 strain were underestimated
because the reference sequence was masked prior to sequence mapping so there
were only 95% of the genome being analyzed. However, the later situation cant
explain the almost 10 times higher mutation sites identified in the GS115 genome.
It is also possible that the selection process containing the back cross steps and re-
duced the mutagenesis induced mutation sites. In S. pombe [176], the single point
mutation site on E2 ubiquitin ligase responsible for the temperature sensitive (ts)
response could be identified. However, multiple point mutation sites were found
in the P. stipitis mutated strains and it is possible that multiple genes contribute to
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the quantitative phenotype in the mutant strains [177].
Yamada et al. [201] reclassified the methanol-assimilating yeast based on the
18S and 26S ribosomal RNA sequences and Komagataella was proposed as a new
genus for Pichia pastoris. Based on the D1/D2 domain in the 26S rRNA sequence,
the strain GS115 was later classified as K. phaffii apart from K. pastoris and K.
pseudopastoris. The K. pastoris strain DSMZ 70382 was sequenced by two next-
generation sequencing methods as well. Using the GS115 rDNA unit as the tem-
plate sequence, we identified all rDNA related sequence reads from each dataset.
As observed in S. cerevisiae [143], the P. pastoris rDNA also contains large se-
quence variations between and within strains. We identified higher polymorphism
sites (576) than the study in the Baker’s yeast (227) because we included the in-
sertion/deletion events and the sequence with lower frequency were taken into
account (5% instead of 10%). The unexpected expansion of the Type 1 D1/D2
sequence (Supplementary Table 4.3) and other parts of the rDNA might correlate
with the mutations on the protein-coding genes.
The rDNA array in S. cerevisiae typically arranges in 150 to 200 tandem re-
peats depending on the strain and each repeat is 9.1 kb in length. There are high
sequence variation in each rDNA array and can differ by nearly an order of magni-
tude between individual strains. The large size (>1 Mb) and the highly repetitive
structure prohibits the accurate assembly of the entire rDNA array by current se-
quencing methods. The highly variable sequence between rDNA units also hamper
the building of one consensus rDNA sequence to represent the whole rDNA array
[143]. However, not all rDNA copies are transcribed into rRNA, for instance,
only half of the rDNA copies are transcribed in S. cerevisiae [208]. The extra
copies of the rDNA help to maintain the genome integrity allowing an efficient
recombination repair to fix the lesion template once it was damaged. The differ-
ent preference of the Type 1 D1/D2 sequence and other sequence variation in the
rDNA might also contribute to the efficiency of the protein secretion. For instance,
the cytosolic loops of the Sec61 complex acts as a receptor for the ribosome.The
Sec61 complex forms a ribosome-channel junction with the rRNA and allows the
nascent proteins translocate through the ER membrane [209].
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4.5 Materials and Methods
4.5.1 Strains sequencing and reads postprocessing
The Pichia pastoris strain NRRL Y-11430 deposited in the ARS Culture Collec-
tion (NRRL Collection), Peoria, Illinois, USA has a synonymous accession num-
ber CBS 7435 on the CBS Fungal biodiversity center, Utrecht, the Netherlands.
We retrieved both strains from two culture collections and called NRRL Y-11430
and CBS 7435 in the following analysis.
The Illumina GA whole-genome shotgun libraries on the Pichia pastoris type
strains (NRRL Y-11430, DSMZ 70382 and GS115) were prepared according to
the manufacture’s instructions. In total we obtained 5 lanes of Illumina reads from
strain GS115, NRRL Y-11430, CBS 7435 and DSMZ 70382 (Table 4.1) [182, 171]
. We first evaluated the sequence quality by plotting the average quality score
on each base position. The single read library shows dramatic sequence quality
decline in the end of the read. We removed low sequence quality (<Q20) bases
and the whole read was subsequently removed if the sequence length is shorter
than 36 bp after low quality trimming.
On the 454 platform, we obtained two runs of GS-FLX on strain GS115 [17]
and one GS-FLX Titanium run on strain CBS 7435 [182] and one GS-FLX Tita-
nium on strain DSMZ 70382 [171] (Table 4.1). In order to obtain more reliable
base quality scores for further analysis, we used the PyroBayes [210] [210] to ex-
tract the fasta and quality information from SFF files. The 454 system generated
systematic artifact reads with almost identical bases, starting from the same posi-
tion with similar sequence length due to multiple sequencing beads were presented
in a single single emulsion PCR reaction vesicle or the emission of the fluorescent
signal from the adjacent well [30]. The cd-hit-454 program [32] used the first 30
bp in the as the index and removed 16.0% and 18.7% of systematic artifact reads
from CBS 7435 and GS115 respectively (Figure 4.3 ).
4.5.2 Mapping of the parental strains onto the reference se-
quence
Sequencing reads were subsequently mapped to the reference genome (GS115) by
MOSAIK package [34] allowing one mismatch in Illumina short (<40 bp) reads
(hash size [-hs 15], alignment candidate threshold [-act 20], alignment mode [-m
all], Smith-Waterman bandwidth [-bw 13]), one mismatch in Illumina long (> 40
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bp) reads (-hs 15, -act 25, -m all, -bw 17) and five mismatch in 454 reads (-hs
15, -act 45, -m all, minimum alignment percentage [-minp 0.95], do not count
unaligned portion [-mmal], -bw 31) (Figure 4.2). In the Illumina alignment, du-
plicate reads located on the same genome location were identified by the Mo-
saikDupSnoop program and removed by the MosaikSort. Single nucleotide poly-
morphisms, insertions and deletions were detected by the SAMtools [211] package
(depending on the sequence library, minimum sequence coverage 8∼156x, con-
sensus quality score >20 ). When the predicted indel/SNP sites were presented in
both strains (reference and the parental strains), the reference sequence was con-
sidered as sequence error and were corrected manually. On the other hand, the
single base differences only presenting on the parental strain are the true point
mutation sites derived from mutagenesis.
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Figure 4.2: Allowed mismatch number and the percentage of mapped reads. The
influence of allowed mismatch number in MOSAIK alignment and the available mapping
reads. In the Illumina data, allowing one mismatch in alignment, more than 70% of reads
can be uniquely mapped onto the reference genome. In the 454 data, concerning the longer
sequence with higher homopolymer error, we allowed five mismatches in the alignment and
got 80% reads mapping onto the reference genome.
It is an interactive process to correct the reference genome sequence. Sequenc-
ing reads are mapped onto the reference sequence and high-confidence sequence
errors are corrected. We repeated the mapping and correction interaction twice
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when no more assembly errors was detected [184]. Because the reference se-
quence update will influence the corresponding coding sequence, the existing gene
models prohibited the sequence correction in an automatic fashion and relied on
manual inspection under the short-read visualization program GenomeView [185].
The reference GS115 genome was based on the 454 pyrosequencing method and
suffered the homopolymer errors from the 454 platform. Previously, we identified
16 dubious intron sequences might be due to the frameshift or early stop in pro-
tein coding genes because of the uncertain homopolymer length. Therefore, we
focused on the sequence correction in the coding region and updated the corre-
sponding gene structure when possible.
Figure 4.3: The GS115 read mapping in GenomeView The green color represents the
forward read and blue represents the reverse reads. The strength of the color represents the
based quality of the reads, the stronger the color, the higher quality. The original 454 reads
mapping is shown in the a. The systematic artifact reads which start from the same location
with similar sequence length is highlighted. They all share two bases differences with the
reference sequence. The read mapping without duplicate reads is shown in b.
Furthermore, the putative SNPs sites were manually inspected using GenomeView
to reduce the false positive detection. Based on the SNPs positions to protein cod-
ing genes, we classified them into four categories: coding, introns, <1000 bp
upstream UTR and intergenic regions. The influence of the non-synonymous mu-
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tations were predicted by SNAP (screening for non-acceptable polymorphisms)
and SIFT (Sorting Tolerant From Intolerant) programs [186, 187]. The compar-
ison protein structure stability between parental and mutant His4 protein (PDB
id: 1KAE) was computed by the molecular modeling program FoldX [212] and
visualized under the 3D graphics program YASARA [213].
4.5.3 de novo genome assembly and assembled contigs compar-
ison
De novo assembly programs Newbler [27] were used on the 454 data assembly.
Assembly of the Illumina reads was carried out by Velvet assembler [56]. The
hybrid assembly was based on Reinhardt and collaborators approach to combine
the Illumina and 454 data. The short-reads de novo assembler VCAKE in their
pipeline was replaced by Velvet. The Illumina reads were first assembled by Velvet
into scaffolds then reformatted into the acceptable sequence format for Newbler.
The assembled contigs were compared against the reference genome by MUMmer
program [214].
4.5.4 rDNA sequence polymorphism comparison
We modified the S. cerevisiae rDNA detection strategy [143] to detect the rDNA
variations between GS115, CBS and DSMZ strains. Using the corrected GS115
rDNA as the reference strain, a series of 60-bp (rDNA) query sequences were
selected at 20-bp sliding intervals. These sequences were searched against the read
database by NCBI BLASTN [86] and a TimeLogic DeCypher BLAST (Active
Motif, Inc.) with less stringent parameters (i.e, for gap opening [-2], gap extension
[-1], mismatch [-1] and extension penalty [1]) and higher specificity for short reads
(i.e, for word size [4]). In order to remove the non-rDNA sequences, sequence
alignment should cover at least 50 bp of the 60 bp query sequence and having
no more than 10 mismatches were accepted. Only the central 20 bp fragments of
each query sequence was considered as the target for polymorphism analysis. The
multiple alignment of central 20 bp fragment on sequence reads were performed
by MUSCLE [148] with default parameter. In order to minimize the false positive
rate of polymorphism detection by the sequence error, sequence polymorphism
with less than 5% coverage were discarded. Sequence variants and the frequency
on the D1/D2 region was reconstructed based on represented sequence reads.
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4.5.5 Gene models, microarray and genome portal update
We labeled 236 low confidence genes which including the small genes (<200
aa) without similarity on protein database or genes that might contain sequenc-
ing error. Gene models containing sequence errors were updated after the cor-
rection of genome sequence. The small genes were checked by sORF program
[207]. The nucleotide sequence of small genes and all of the intron sequence were
searched against the yeast genomics sequence by TBLASTX to check the sequence
similarity with other genomes. The searched yeast genomes including Saccha-
romyces cerevisiae (SGD), Candida glabrata strain CBS138 (Ge´nolevures), De-
baryomyces hansenii strain CBS767 (Ge´nolevures), Kluyveromyces lactis strain
CLIB210 (Ge´nolevures), Kluyveromyces thermotolerans (Ge´nolevures), Saccha-
romyces kluyveri (Ge´nolevures), Yarrowia lipolytica strain CLIB122 (Ge´nolevures),
Zygosaccharomyces rouxii (Ge´nolevures), Candida albicans strain WO1(FGI),
Candida guilliermondii (FGI), Candida lusitaniae (FGI), Candida parapsilosis
(FGI), Candida tropicalis (FGI), Debaryomyces hansenii (FGI), Lodderomyces
elongisporus (FGI) and Pichia stipitis (JGI).
The first P. pastoris GS115 DNA microarray was designed before the complete
genome sequence (ArrayExpress ID: A-MEX-1157) [167]. Microarray probes
were assigned to gene models by BLASTN and GenomeThreader. Probes miss-
ing the corresponding gene models were first filtered by the expression values.
Only probes with more than ten-fold of expression value comparing with the back-
ground signal in one of the library were considered having gene expression. They
are likely falling in the unannotated region or in the intron sequence. Therefore,
the true positive probes were further searched against the genome sequence and
the corresponding gene structures were updated if necessary. In addition to the
previous microarray design, we updated the P. pastoris custom exon oligoarray
on the Agilent microarray platform (8 X 15K) with one 60-mer probes per gene
model, each probe is twice on the array and randomly distributed. The design of
the microarray was based on the initial GS115 predicted gene models [17] and 43
probes which were not presented in the initial gene prediction but could be aligned
with the genome sequence.
The genome sequence on the BOGAS portal was update to four chromosomes
(13 super contigs in the previous version [17]). Gene IDs were updated with se-
quential number corresponding to the order on the chromosomes and the old Gene
IDs were still available through the web site. The Agilent microarray probe infor-
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mation is displayed on each gene page. In addition to the in silico information, the
gene expression information from the ArrayExpress [167], proteomics and RNA-
seq support (Steve Oliver, personal communication) are presented as well.
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5.1 Abstract
Rust fungi are some of the most devastating pathogens of crop plants. They are ob-
ligate biotrophs, which extract nutrients only from living plant tissues and cannot
grow apart from their hosts. Their lifestyle has slowed the dissection of molecular
mechanisms underlying host invasion and avoidance or suppression of plant innate
immunity. We sequenced the 101 mega-base pair genome of Melampsora larici-
populina, the causal agent of poplar leaf rust, and the 89 mega-base pair genome of
Puccinia graminis f. sp. tritici, the causal agent of wheat and barley stem rust. We
then compared the 16,841 predicted proteins of M. larici-populina to the 17,773
predicted proteins of P. graminis f. sp tritici. Genomic features related to their
obligate biotrophic life-style include expanded lineage-specific gene families, a
large repertoire of effector-like small secreted proteins (SSPs), impaired nitrogen
and sulfur assimilation pathways, and expanded families of amino-acid, oligopep-
tide and hexose membrane transporters. The dramatic upregulation of transcripts
coding for SSPs, secreted hydrolytic enzymes, and transporters in planta suggests
that they play a role in host infection and nutrient acquisition. Some of these ge-
nomic hallmarks are mirrored in the genomes of other microbial eukaryotes that
have independently evolved to infect plants, indicating convergent adaptation to a
biotrophic existence inside plant cells.
5.2 Introduction
Rust fungi (Pucciniales, Basidiomycota), is a diverse group of plant pathogens
composed of more than 120 genera and 6,000 species and are one of the most eco-
nomically important groups of pathogens of native and cultivated plants [215, 216].
Puccinia graminis, the causal agent of stem rust, has caused devastating epidemics
wherever wheat is grown [217] and a new highly virulent strain (Ug99) threat-
ens wheat production worldwide [218]. Similarly, epidemics of poplar leaf rust,
caused by Melampsora spp., is a major constraint on the development of bioen-
ergy programs based on domesticated poplars [219] due to the lack of durable host
resistance [220, 221]. Rust fungi are obligate biotrophic parasites with a com-
plex life cycle that often includes two phylogeneticaly unrelated hosts [216]. They
have evolved specialized structures, haustoria, formed within host tissue to effi-
ciently acquire nutrients and suppress host defense responses [222]. Molecular
features driving adaptations to an obligate biotrophic association with plant hosts
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are unknown. Whether the convergent biotrophic adaptation observed in bacterial
parasites [223] and other lineages of microbial eukaryotes (e.g. microsporidia)
[224] has lead to functional specializations at the genome level (i.e. gene gain
or loss, regulation of gene expression) remains to be determined. The recent
report of the genome sequence of Blumeria graminis, an ascomycete biotroph
pathogen responsible for Barley powdery mildew revealed a genome size expan-
sion due to transposons proliferation concomitant with dramatic reduction in gene
content, i.e. genes encoding sugar-cleaving enzymes, transporters and assimila-
tory enzymes for inorganic nitrate and sulfur [225]. Similar gene losses were ob-
served in the genome of the oomycete Hyaloperonospora arabidopsidis, a biotroph
parasite infecting Arabidopsis thaliana, and the diversification of genes encoding
RXLR-effector-like secreted proteins [226]. Despite their phylogenetic distance,
these two pathogens forming haustoria seems to share striking adaptation conver-
gences to biotrophy. To determine the genetic features underlying pathogenesis
and biotrophic ability of rust pathogens, we report here the genome sequences of
the rust fungi M. larici-populina and P. graminis f.sp. tritici.
Background information
The poplar leaf rust fungus Melampsora larici-populina is the most devastat-
ing and widespread pathogen of poplars, and has limited the use of poplars for
environmental and wood production goals in many parts of the world. Almost
all known poplar cultivars are susceptible to M. larici-populina, and new virulent
strains are continuously developing [227]. This disease therefore has a strong po-
tential impact on current and future poplar plantations used for production of forest
products (principally pulp and consolidated wood products), carbon sequestration,
biofuels production, and bioremediation. M. larici-populina belongs to the Basid-
iomycota (Pucciniomycotina; Pucciniomycetes; Pucciniales; Melampsoraceae). It
requires a Populus and a Larix host to complete its life cycle. The rust overwinters
as teliospores on dead Populus leaves on the ground. These spores germinate in
the spring, producing windborne basidiospores, which results in infection of larch
needles. A few days later, masses of yellow orange aeciospores are produced on
needles of the coniferous host. They serve as inoculum for infection of live Popu-
lus leaves during the spring. Urediniospores (in yellow-orange pustules) are then
produced on Populus leaves, serving as inoculum for rust epidemics on Populus
throughout the summer. In late summer, teliospores (the overwintering spores) are
again produced on Populus leaves, completing the rust’s life cycle. The sequenced
isolate of M. larici-populina was strain 98AG31 (virulence 3-4-7). This isolate was
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collected in 1998 in Moy¨-de-l’Aisne (France) on Populus trichocarpa x Populus
deltoides cv. Beaupre` leaves and urediniospores were maintained in a cryotheque
at INRA Nancy. For DNA production, dikaryotic urediniopsores of strain 98AG31
were multiplicated on detached leaves of P. deltoides x Populus nigra cv. Robusta
as previously described [228].
Puccinia graminis, the causal agent of stem rust (black rust), infects cereal
crops (wheat, barley, rye and oat) as well as many native and cultivated grasses
[217]. Stem rust has plagued wheat production worldwide and is the most feared
pathogen of wheat due to its ability to devastate a healthy field of wheat in less
than a month. A new race of the wheat stem rust pathogen (P. graminis f. sp.
tritici), Ug99, was first identified from Uganda in 1999. Ug99 is a highly virulent
strain that is able to overcome resistance in approximately 80% of all the wheat
and barley currently grown. P. graminis belongs to the Basidiomycota (Puccin-
iomycotina; Pucciniomycetes; Pucciniales; Pucciniaceae) and is a typical macro-
cyclic, heteroecious rust fungus with five distinct spore stages and two hosts. The
asexual, uredinial stage is found on cereals and grasses, and under optimal condi-
tions produces a new generation every 8-12 days. Urediniospores (dikaryotic) are
distributed by wind and can travel long distances in the upper atmosphere. The
sexual stage begins with the formation of telia, typically in late summer or early
fall. Teliospores are thick-walled and allow the fungus to overwinter. In the spring,
germinating teliospores produce haploid basidiospores that infect the alternate host
(Berberis spp.) resulting in the production of pycnia. Sexual mating results in the
formation of aecia and the completed of the life cycle with the infection of the
cereal/grass host with aeciospores. The sequenced isolate of P. graminis f. sp.
tritici was strain CDL 75-36-700-3, race SCCL. This isolate was collected in 1975
in Pennsylvania (U.S.) from wheat and pure urediniospores are maintained at the
USDA-ARS-CDL.
5.3 Results and Discussion
5.3.1 Genome sequencing, gene family annotation and expres-
sion analysis.
Gene prediction and transposable elements analysis
We have sequenced the diploid genomes of the poplar leaf rust fungus, Melamp-
sora larici-populina and of the wheat stem rust fungus, Puccinia graminis f. sp.
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tritici, by Sanger whole-genome shotgun strategy (Material and Methods). The
overall assembly sizes of the haploid genomes of M. larici-populina and P. grami-
nis f. sp. tritici are 101.1 Mb and 88.6 Mb, respectively (Table 5.1). These
genomes are much larger than the other sequenced basidiomycete genomes [229,
51], but no evidence for whole-genome duplication or large scale dispersed seg-
mental duplications was observed. The expanded size results from a massive pro-
liferation of transposable elements (TEs), which account for nearly 45% in both
assembled genomes. Class I long-terminal-repeat (LTR) (∼14%) retroelements
are more abundant in M. larici-populina, whereas class I TIR (Terminal Inverted
Repeat) DNA transposons are prominent in P. graminis f. sp. tritici. Interestingly,
this proportion differs with the TE content in the P. graminis f. sp. tritici genome
where 12.4% and 9.8% of LTR and TIR elements respectively are found. Fig-
ure 5.1 details the distribution of different TE types on scaffolds 1, 2 and 3 of M.
larici-populina. The distribution of predicted genes is also given. Timing of TE
activity using sequence divergence of extant copies suggests that a major wave of
retrotransposition in the M. larici-populina and P. graminis f. sp. tritici lineages
occurred <1 million years ago.
Comparative genomics analysis
We predicted 16,399 and 17,773 protein-coding genes in M. larici-populina
and P. graminis f. sp. tritici, respectively (Table 5.1). The size of these pro-
teomes is similar to the symbiotic basidiomycete Laccaria bicolor [51], but strik-
ingly larger than the corn smut fungus, Ustilago maydis, a pathogenic biotroph
that only possesses ∼6,500 proteins [230]. Among the predicted proteins, only 41
and 34% in M. larici-populina and P. graminis f. sp. tritici, respectively, showed
significant sequence similarity to documented proteins (BLASTP≤ e-value 1e−5)
(Figure 5.6 ). M. larici-populina and P. graminis f. sp. tritici possess a large
set of lineage-specific gene pairs showing high similarity levels (80-100%). To
investigate protein evolution in M. larici- populina and P. graminis f. sp. trit-
ici, we constructed families containing both orthologs and paralogs from a diverse
set of ascomycetous and basidiomycetous fungi. The two genomes shared 3,984
orthologous TribeMCL families which comprised 7,959 P. graminis f. sp. trit-
ici genes and 7,875 M. larici-populina genes; ∼26% of the predicted proteins are
lineage-specific, whereas 774 gene families were unique to these two rust fungi.
Expansion of protein family sizes was prominent in both M. larici-populina and P.
graminis f. sp. tritici (Figure 5.2;Table 5.5); several expanded gene families are
lineage-specific, suggesting that important protein-coding innovation occurred in
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Table 5.1: Statistics of Arachne assembly and gene prediction from the dicaryotic
genome of Melampsora larici-populina 98AG31 and Puccinia graminis f. sp. tritici
CDL75-36-700-3, race SCCL.
M. larici-populina P. graminis f. sp. tritici
Sequence coverage 6.9 12
Scaffold total (Mb) 101.1 88.6
Scaffolds 462 392
Scaffold N50 length** (Mb) 1.1 0.97
Scaffold N50** 27 30
Scaffold number > 50 kb 155 170
Assembly in scaffolds > 50 kb (%) 96.5 97.1
Contig sequence total (Mb) 97.7 81.5
Contigs 3.254 4.557
Contig N50 length** (kb) 112.3 39.5
Contig N50** 265 546
Gap content (%) 3.4 8
GC content (%) 42.1 43.35
Protein coding genes 16,399                                                 17,773 
Mean coding sequence length (nt) 1,122 1,075
Mean exon number per gene 4.8 4.7
Mean exon length (nt) 232 175
Mean intron length (nt) 115 133
Mean intergenic length (nt) 4,466 3,328                                
tRNAs 253 428
* Statistics for Mlp are  based on the ‘main genome scaffolds’ of the assembly; the ‘repetitive’, 
‘excluded’ and ‘altHaplotype’ scaffolds for Mlp were not included. 
** The  N50 metric corresponds to the N largest scaffolds required to capture half of the total 
sequence. The N50 length is that of the smallest scaffold in the N50 set. 
* The statistics were only based on the ‘main genome scaffolds’ defined by the Arachne
assembly. The ‘repetitive’, ‘excluded’ and ‘altHaplotype’ scaffolds for Mlp were not
considered.
** The N50 metric corresponds to the N largest scaffolds required to capture half of the
total sequence. The N50 length is that of the smallest scaffold in the N50 set.
these lineages. Of the 5,045 M. larici-populina genes that have an orthologue in P.
graminis f. sp. tritici (Best Reciprocal Hit, e-value≤ 1e−5), very few show conser-
vation of neighboring orthologs (synteny) (see Chapter 5.5.4 for detail Methods).
This is likely due to the expansion of the TE and massive reshuffling of the genome
as a result. In addition, within the rust fungi, M. larici-populina and P. graminis
f. sp. tritici represent very divergent phylogenetic lineages [215]. Marked gene
family expansions also occurred in those genes coding for α-kinase, oligopep-
tide membrane transporters (OPT), copper/zinc superoxide dismutase, and several
groups of predicted transcription factors.
Among the 70% and 54% of the predicted genes of M. larici-populina and P.
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Figure 5.1: Transposable Elements distribution on M. larici-populina genome
graminis f. sp. tritici, respectively, were detected by custom microarray transcript
profiling of resting and germinating urediniospores, as well as infected leaves. A
significant proportion of the detected transcripts (18%) is differentially expressed
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(fold-ratio≥10.0, p < 0.05) in infected leaves, whereas only ∼8.0% are specifi-
cally expressed in planta. Transcripts coding for secreted peptidases and lipases,
transporters of hexoses, amino-acids and oligopeptides, and carbohydrate-cleaving
enzymes, such as chitin deacetylase and cutinase (Tables 5.2 and 5.3), are strik-
ingly enriched (≥ 10-fold) in planta. However, the most highly upregulated tran-
scripts in planta (≥ 100-fold) are mainly comprised of species-specific transcripts,
including those coding for small secreted proteins (SSPs). These in planta-induced,
lineage-specific genes are likely involved in the specific relationship established
between these rusts and their respective hosts.
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Figure 5.2: Predicted pattern of gene families gain and loss in representative fungal
genomes. The figure represents the total number of protein families in each species or node
estimated by Dollo parsimony principle. The numerals on the phylogenetic tree branches
show numbers of expanded (left, black), contracted (right, red) or inferred ancestral (oval)
protein families along lineages by comparison to the putative pan-proteome. Genes exclud-
ing repeats were considered for gene family analysis in order to avoid creation of artifac-
tual families due to the overlap between genes and repetitive elements that occurs in large
numbers in rust fungi. For each species, the number of gene families, orphan genes, gene
number (exclude repeats), and the total gene number are indicated on the right.
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5.3.2 Rust fungi secretomes contain candidate novel rust effec-
tors.
Microbial pathogens have evolved highly advanced mechanisms to engage their
hosts in intimate contact and sabotage host immune responses by secreting effec-
tor proteins into host cells to target regulators of defense [231, 232, 233]. Most
SSPs that are specifically produced during plant infection are likely to be effectors
that manipulate host cells to facilitate parasitic colonization, such as by suppress-
ing plant innate immunity or enhancing nutrient availability [232]. In silico gene
prediction and manual annotation of SSP genes in M. larici-populina genome iden-
tified a set of 1,184 SSPs, of which 74% are species-specific. Homologs of known
effectors from M. lini, such as haustorially expressed secreted proteins (HESPs)
and the avirulence factors AvrM, AvrL567, AvrP123, AvrP4 from the flax rust
fungus M. lini [222, 232], and the rust- transferred protein RTP1 from the bean
rust pathogen [233], are present among highly upregulated M. larici-populina tran-
scripts (Table 5.2). At least 43% of M. larici-populina SSPs are expressed in in-
fected leaves at 96 hours post infection. P. graminis f. sp. tritici contains a similar
number of 1,103 SSP genes, of which 85% are species-specific. In P. graminis f.
sp. tritici, PGTG 17547 matches the highest number of haustorial ESTs, and is
similar in sequence to a predicted secreted protein (ADA54575) from the wheat
stripe rust fungus, P. striiformis [234]. In both rust species, one protein in this
group (PGTG 13212, JGI ID# 85525), is similar in sequence to a haustorially ex-
pressed protein from the flax rust pathogen, HESP-735 [232]. Fifty and 29 SSPs
belong to the top 100 most highly transcriptionally up-regulated in infected poplar
and wheat leaves compared to M. larici-populina and P. graminis f. sp. tritici ure-
diniospores, respectively (Tables 5.2 and 5.3). Most upregulated SSP transcripts
in planta were species-specific, as only 16% have an ortholog in both rust species,
suggesting that these sequences are evolving at a very high rate. It remains to be
determined whether upregulated SSPs are expressed in infection hyphae and/or
haustoria, and whether they remain in the cell-wall, the extra-haustorial matrix, or
are adressed to specific compartments of the host cell where they interact with their
target proteins as shown for avirulence proteins in M. lini [222, 232]. In M. larici-
populina, a total of 812 SSPs are organized in 169 families of 2 to 111 members;
the largest family contains a highly conserved ten-cysteine pattern. In P. graminis
f. sp. tritici, a total of 1,105 SSPs are organized in 164 families of 2 to 38 mem-
bers; the largest family contains a highly conserved eight-cysteine pattern. Four
107
Chapter 5
of these proteins show evidence of haustorial expression, suggesting they could be
potential effectors.
From several studies, it has become apparent that small secreted proteins (SSP)
can play important and decisive roles in the manipulation of the plant immune sys-
tem. Given the importance of SSP for virulence/avirulence, careful annotation of
fungal genomes is required to accurately identify this commonly under annotated
class of genes [235]. SignalP, TargetP and TMHMM algorithms [236] allowed us
to identify M. larici-populina proteins predicted to carry a signal peptide and no
additional transmembrane domains, of which 1,184 had a protein length < 300
amino acids following the manual curation. In order to enlarge the SSP catalog
of M. larici-populina with genes not detected by gene callers, we used ESTs from
poplar rust haustoria [237] and poplar rust-infected leaves for de novo gene dis-
covery. Then, recursive tblastn searches against the M. larici-populina genome
helped in identifying additional paralogous sequences. We identified 170 unpre-
dicted SSP genes (more than 10% of the initial set of predicted SSPs). Interest-
ingly, most of these corresponded to small cysteine-rich proteins (mean length:
111.7 amino acids, mean number of cysteine residues: 6.9). The small size and se-
quence divergence of these gene families have probably contributed to their under-
representation in the gene predictions, as observed for small cysteine-rich peptides
in plants [238]. Tribe-MCL analyses identified 199 SSP families, but more re-
lationships were unravelled using recursive BLAST analyses and SSP genes are
organised in 169 families of 2-111 genes (see Table 5.4 for families with more
than 10 genes). In total, 814 of the 1,184 SSPs had no identifiable homolog in
international databases or the wheat stem rust genome (blastp, E value >1e-10−6)
and represent putative Melampsora specific SSP genes. Apart from the presence
of the signal peptide, the only recognizable feature of SSPs is often a large con-
tent in cysteine residues as reported for the unpredicted genes. Of the 1,184 SSPs
present in the M. larici-populina genome, 63% had a number of cysteine residues
above 4, and SSPs with a length of 101-150 amino acids and more than 8 cysteine
residues are overrepresented, mostly due to the largest SSP family encompassing
111 members. These cysteines are presumed to play an important role in the sta-
bility of secreted proteins, and are typical features of some fungal and oomycete
effectors [239, 240]. Despite low sequence identity even for a given class, most of
these proteins shared a common structure of five exons, with the first full codon of
exons 2, 4 and 5 being a cysteine. Of the 22 known or putative effector proteins
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Table 5.2: Selection of M. larici-populina genes strongly upregulated during polar leaf
infection.
Table S13. Selection of 166 genes among significantly highly regulated Melampsora larici-populina genes (> 10-fold change) in infected poplar leaves at 96 hours post-inoculation (hpi) compared to resting urediniospores (USp) presenting an homology to a known function or a previously described rust protein.
Mlp ID Function Pgt ID NR ID 96 hpi USp FC P-value
89465 Aspartic peptidase A1, secreted PGTG_10570 XP_001881739 44063 38 1159.6 3.42 E-05
94889 Lipase, secreted PGTG_15782 XP_749106 27318 36 758.9 1.72 E-04
123524
Small secreted protein, U. fabae 
rust-transfered protein RTP 
homolog PGTG_18022 ABS86408 49354 68 725.8 8.53 E-04
110949 Lipase, secreted PGTG_15782 XP_001486627 19985 28 713.8 1.26 E-04
35984
! subunit of heterotrimeric G-
protein, Gpa2 PGTG_03904 XP_002468733 20225 38 532.3 1.64 E-04
39714
GATA factor, cutinase gene 
palindrome-binding protein PGTG_06212 XP_661040 35828 78 459.4 5.39 E-05
106755
Small secreted protein, active 
site of glycosyl hydrolase 16, 
GH16 - - 25530 57 447.9 7.42 E-05
96223 Histone H4 PGTG_00392 XP_002052271 18203 41 444 1.33 E-04
88574 Oligopeptide transporter, OPT PGTG_17016 XP_001394363 38726 88 440.1 1.40 E-04
86448
Transporter, AEC (Auxin Efflux 
Carrier) family PGTG_06747 XP_759229 17984 42 428.2 1.33 E-04
40795
Phytoene desaturase, contains 
a C-terminal TM PGTG_19044 P54982 19516 48 406.6 3.12 E-04
37606 Histone H4 PGTG_00393 XP_001491419 25664 66 388.9 1.67 E-04
124039
Metallo-"-lactamase family 
protein PGTG_10497 XP_001873935 11862 32 370.7 4.35 E-04
106559 Peroxidase PGTG_12961 XP_001840251 14364 39 368.4 7.59 E-05
112330
!-glycosidase related to !-
mannosidases, secreted, 
glycosyl hydrolase 47, GH47 PGTG_09507 XP_001881296 14561 41 355.2 3.92 E-05
36184
Amino acid permease, lysine-
specific permease, U. fabae 
PIG2 homolog PGTG_15547 XP_001873273 10319 34 303.5 2.10 E-04
95696 Alanine amino-transferase PGTG_07510 XP_001837651 11018 37 297.8 3.84 E-04
53832
Thiazole biosynthetic enzyme, 
U. fabae THI4 homolog PGTG_01304 Q9UVF8 52910 194 272.8 1.14 E-04
39287
Small secreted protein, C. 
ribicola Cro r I homolog - AAF87492 7916 30 263.9 0.026
88829
Anion-cation symporter, MFS 
(Major Facilitator Superfamily) 
transporter related to TNA1 PGTG_10920 XP_002153612 9930 38 261.4 6.73 E-04
35737
"-1,4-glucanase, secreted, 
glycosyl hydrolase 7, GH7 PGTG_13714 XP_658098 10926 45 242.8 2.02 E-04
92261
GTPase activating protein (small G 
protein Rab) PGTG_10400 XP_775155 16717 70 238.9 1.55 E-04
63226 Transporter, AEC family PGTG_06747 XP_759229 12263 52 235.9 7.94 E-04
63255 Oxidoreductase PGTG_15129 XP_571921 8859 38 233.2 1.41 E-04
64764
Small secreted protein, M. lini hesp-
376 homolog - - 7596 35 217.1 1.26 E-03
89463
Subtilisin protease, secreted, 
peptidase subfamily S8A PGTG_18581 XP_001877576 18072 87 207.8 1.15 E-04
40379 Sugar transporter HXT1, MFS PGTG_15147 XP_001874568 12387 61 203.1 2.64 E-04
91040
"-glycosidase, endoglucanase, 
glycosyl hydrolase 5, GH5 PGTG_17056 XP_001875020 7212 36 200.4 5.13 E-04
107041
Transporter, MIP (Major Intrinsic 
Protein) family - XP_002148332 11179 66 169.4 5.36 E-04
104199 Transporter, MIP family PGTG_08211 XP_002149425 4511 27 167.1 4.64 E-04
113062
Transporter, ACT (Amino 
Acid/Choline Transporter) family PGTG_12502 XP_777843 8144 51 159.7 7.60 E-03
101611
Small secreted protein, M. lini hesp-
C63 homolog - ABB96282 5091 32 159.1 7.55 E-05
37139
Amino acid permease, YAT (Yeast 
Amino Acid Transporter) family, U. 
fabae AAT1 homolog PGTG_16914 AAB39866 27113 180 150.7 8.15 E-05
33238
MFS transporter, V-BAAT 
subfamily PGTG_15200 XP_001833110 4257 29 146.8 1.45 E-03
37206
Anion-Cation Symporter, MFS 
transporter related to TNA1 PGTG_10920 XP_002487817 6521 45 145 1.21 E-03
124202
Secreted protein, M. lini AvrM-B 
homolog - ABB96259 3764 27 139.5 4.12 E-04
91175 Transporter, AEC family PGTG_06747 XP_570571 7183 53 135.6 2.65 E-04
          Best blast hit        Expression levels          96 hpi / USp
Up-regulation in poplar infected leaves is assessed by comparing transcripts profiles to
those from resting urediniospores (USp). Poplar leaves were infected by M. larici-populina
urediniospores and left for 96 hpi under controlled conditions. At this stage, poplar rust
pathogen has formed many haustoria in planta and sporulation has not yet occurred. Ex-
pression values are the means of three biological replicates for 96 hpi and USp. Based on
statistical analysis of normalized fluorescence levels, a gene was considered significantly
regulated if it met two criteria: (1) t-test P value, 0.05 (ArrayStar, DNAStar); infected
poplar leaves at 96 hpi versus urediniospores fold-change> 10. Genes were selected on the
basis of homology to a function, and hypothetical proteins or genes without homology of
unknown function were discarded (exception of small secreted proteins, SSP, representing
candidate rust pathogen effectors.
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Table 5.3: Selection of P. graminis f. sp. tritici genes strongly upregulated during wheat
infection.
Table S17. Selection of 245 genes among significantly highly regulated Puccinia graminis f. sp. tritici genes (> 10-fold change) in infected wheat at 96 hours post-inoculation (hpi) compared to urediniospores (USp) and presenting an homology to a known function or previously described rust protein. 
Pgt ID Function Mlp ID NR ID Wheat USp FC P-value
PGTG_12502 Amino acid permease 113062 - 31670 68 467.2 0.004
PGTG_15174
Differentiation-related protein 
Infp - AAD38996 23002 50 466.3 0.002
PGTG_07532 Amino acid permease 113062 - 13666 47 293.8 0.005
PGTG_07938 Invertase 1 precursor 44167 CAG26671 18901 70 271 3.63 E-04
PGTG_01392
Pheromone receptor mating-
type A2 73569 ABU62846 16700 68 247.6 0.022
PGTG_08562 Methyltransferase domain 58627 XP_001791555 17052 82 208.6 0.026
PGTG_03444 Carboxylesterase type B 116892 ZP_03148038 24151 123 197.2 0.02
PGTG_15700 Aldo/keto reductase family 103477 EFI94530 26003 134 195 0.003
PGTG_17720 Zinc finger,  C2H2 type - - 31604 175 180.9 0.004
PGTG_16569 Multicopper oxidase 112024 BAG50320 18825 114 166.6 0.012
PGTG_06332 Zinc finger,  C2H2 type 85527 XP_757093 15737 104 151.6 0.005
PGTG_08247
Ferric reductase like 
transmembrane component 93237 XP_002475783 11775 89 133.5 0.003
PGTG_16500
Alcohol dehydrogenase GroES-
like domain 74240 AAP42830 7115 60 120.2 0.006
PGTG_10863 DHHC zinc finger domain 116963 - 11796 113 104.5 0.007
PGTG_10539
Zinc finger, C3HC4 type RING 
finger 86057 - 16591 170 98.2 0.002
PGTG_03841 Cytochrome P450 32915 O00061 5555 57 97.8 0.009
PGTG_15026 Lipase, putative 96073 XP_001273241 21088 229 92.4 1.22 E-06
PGTG_04061 GATA zinc finger 91797 - 4673 52 91.5 0.033
PGTG_19491 Zinc finger,  C2H2 type 107345 - 2809 33 87.6 0.009
PGTG_07418 Myb-like DNA-binding domain 91966 - 8121 99 82.8 0.007
PGTG_09458 Ribosomal protein S8 72178 - 34547 447 77.4 0.004
PGTG_10570 Eukaryotic aspartyl protease 89871 - 3493 46 76.1 0.04
PGTG_12440
Fungal specific transcription 
factor domain 85393 XP_504866 4079 54 75.9 0.008
PGTG_05667
Cu/Zn superoxide dismutase, 
putative 73483 XP_002418001 10257 138 74.7 0.004
PGTG_11683 Major intrinsic protein 106246 - 8738 118 74.6 4.73 E-04
PGTG_19191 Serine carboxypeptidase 49959 EEY14780 6156 86 71.8 0.017
PGTG_00074 Ribosomal protein L6e 53640 EFJ03001 39380 557 70.8 0.005
PGTG_14181 NUDIX domain 78534 XP_002391992 7454 111 67.6 0.031
PGTG_08517 Mitochondrial carrier protein 40798 - 9029 137 66.2 0.014
PGTG_11725 Endo-1,4-!-glucanase 47207 AAR29981 6503 100 65.3 0.038
PGTG_06975 HMG high mobility group box 111305 - 7563 116 65.3 0.034
PGTG_09859 Zinc finger,  C2H2 type 32104 EFJ02238 5991 93 64.5 0.019
PGTG_00124 40s ribosomal protein s20 86709 XP_001835917 32926 515 64.1 0.007
PGTG_06938 Core histone H2A/H2B/H3/H4 41076 - 3165 51 63.3 2.73 E-04
PGTG_08842
Thiamine monophosphate 
synthase/TENI 63716 - 7343 117 63.1 7.47 E-04
PGTG_04447 Dynamin GTPase, putative 41749 XP_002477890 4858 79 61.9 0.011
PGTG_10915 Major intrinsic protein 89561 - 41747 686 61 0.006
PGTG_05491 MFS sugar transporter, putative 86594 XP_002480590 28494 478 59.8 0.006
PGTG_09362
Dimethylaniline monooxygenase 
(N-oxide-forming) 89949 YP_705633 15587 262 59.7 0.021
PGTG_15162 Endo-!-mannanase 86044 ABR27262 6992 123 57.3 0.009
PGTG_16936 Fes/CIP4 homology domain 77904 XP_001732373 4182 82 51.4 0.002
PGTG_19590 Ribosomal L37ae protein family 34532 XP_001875169 9683 190 51.2 0.004
PGTG_01157 !-mannosidase 114892 XP_001258000 2611 55 48.3 0.004
PGTG_02261 Ribosomal L30 N-terminal domain 106248 XP_001732427 25414 536 47.5 0.003
Best Blast Hits Expression levels  Wheat/USp
Up-regulation in infected wheat is assessed by comparing transcripts profiles to those from
resting urediniospores (USp). Wheat stems were infected by P. graminis f.sp. tritici ure-
diniospores and left for 8 days post-inoculation under controled conditions. At this stage,
wheat rust pathogen has started to sporulate and flecks are visible. Expression values were
RMA normalized, and the mean of three biological replicates in arbitrary units (fluorescent
intensity) is shown. Expression values in grey boxes indicate a value below a threshold
of 95% of background control probes. Based on statistical analysis of normalized fluores-
cence levels, a gene was considered significantly regulated if it met two criteria: (1) t-test
Pvalue, 0.05 (ArrayStar, DNAStar); infected wheat at 8 dpi versus Usp fold-change > 10.
Genes were selected on the basis of homology to a function, and hypothetical proteins or
genes without homology of unknown function (exception of small secreted proteins, SSP,
representing candidate rust pathogen effectors) were discarded.
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Table 5.4: Multigene families encoding Small Secreted Proteins (SSP) in the Melamp-
sora larici-populina genome. SSP families containing more than 10 gene members were
grouped
Table S18. Multigene families encoding Small Secreted Proteins (SSP) in the Melampsora larici-populina genome. SSP families containing more than 3 gene members were grouped based on MCL cluster (see section 5.1) and expert curation using recursive tblastn searches and alignment of coding sequences.
Details on sequence homology and transcript expression are provided.
SSP-Family SSP no.
corresponding 
Tribe-MCL family 
no.a
ESTs supporte
nr database P. graminis cys no. lenght (aa) 96hpi USp USpg USp/USpg
SSP-Fam1 111
205; 408; 1085; 
3914; 4873; 5768-
7206; 7273; 12044; 
12301
No No 7 _ 13 107-155 22 19 26 5
SSP-Fam2 38 227 No No 9 _ 12 133-157 6 9 12 3
SSP-Fam3 32
5841; 7337; 7338; 
7339; 7340; 12432; 
12433; 12434; 
12435; 12431
No No 1 _ 6 58-116 18
SSP-Fam4 17 851 No No 4 _ 6 21-86 1 1 1 6
SSP-Fam5 13 2681; 7240 No No 4 _ 10 143-194 10 6 7 7
SSP-Fam6 13 3599; 5829 Yes (4) No 6 _ 9 88-105 3
SSP-Fam7 12 357 Yes (12) Yes (12) 3 _ 11 86-246 9 5 7 7
SSP-Fam8 12 4874; 7285; 12220 No No 1 _ 5 141-231 8 0 0 8
SSP-Fam9 11 7260; 7209; 12172; 12173 No Yes (7) 2 _ 11 116-271 10 2 3 2
SSP-Fam10 11 2683 No No 4 _ 9 112-213 10 6 6 4
SSP-Fam11 11 3008 No No 6 _ 12 71-124 1 1 1 1
SSP-Fam12 10 3928; 7336 No No 5 _ 10 80-98 0 0 0 5
SSP-Fam13 10 3585; 12077 No No 8 _ 9 126-136 1 2 5 0
Homologyb SSP featuresc Oligoarray expressiond
a ID of genes clusters identified through the Tribe-MCL analysis.
b SSP homology found in the non-redundant (nr) database and in the wheat stem rust Puc-
cinia graminis f. sp. tritici genome1 through blastp searches. Number of SSP presenting
homology is given in parenthesis.
c Ranges (min-max) of cysteines numbers and SSP sequence length in amino acids in cor-
responding SSP families
d Numbers of SSP transcripts expressed in planta at 96 hours post-inoculation (96hpi), in
resting urediniospores (USp) or in germinating urediniospores (USpG) detected using M.
larici-populina custom oligoarray. Since all SSP were not present in the custom oligoarray,
absence of expression could reflect the lack of specific probe on oligoarray.
e Numbers of SSP gene supported by ESTs obtained from a resting and germinating ure-
diniospores (Usp-USpG) M. larici-populina cDNA library
described in rusts, 19 were present in the M. larici-populina genome, and some
exist in multigene families. These included the rust transferred protein (RTP1)
from bean rust, as well as haustorially expressed secreted proteins (HESPs) and
avirulence proteins AvrM and AvrP4 from flax rust. Using a lower stringency for
identifying gene clusters (defined as groups of at least three SSPs with no more
than four intervening genes), 106 clusters with 3-6 SSPs were found in M. larici-
populina. These clusters were scattered all over the genome. Different studies
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have reported the presence of avirulence genes or candidate effectors in regions
enriched in transposable elements and repeats (see [241] for review). Localization
in such genomic environments may have helped in faster evolution of these gene
families to adapt to the host defense response. In order to determine whether the
amplification and diversification of the large families of paralogous SSPs in the M.
larici-populina genome could be related to the expansion of repeats and TE were
searched in the vicinity of SSP belonging to multigene families in the TribeMCL
analysis in 15 Kb-windows (7.5 Kb in 5’; 7.5 Kb in 3’). A total of 36 elements
(8 class II TIR-types, 4 class I LTR-types and 23 NoCat types consensus) were
associated to SSP genes falling in 11 different families. Two families in which all
genes were systematically associated with the same TIR-type TE were identified.
SSP family-36 members (proteinID 54662, 54664, 123264, 123266, 123267) are
associated with the class II TIR Mela-B-R1199-MAP7 and SSP family-44 mem-
bers (proteinID 84257, 91014, 94957, 123215, 123905) are associated with the
class II TIR Mela-B-G2809-MAP3. The NoCat type Mela-B-R386-MAP5 was
found in the vicinity of 25 genes of the SSP family 1, however we were not able
to demonstrate a related expansion of the SSP genes and the NoCat consensus
elements identified.
SSPs expression levels monitored in urediniospores, germinated urediniospores
as well as during poplar leaf infection at 96 hpi using custom oligoarrays revealed
a large proportion of SSPs (49%) expressed above background for at least one bi-
ological condition. Among them, only 22% are expressed in urediniospores, 25%
in germinated urediniospores and 32% at 96 hpi. Interestingly, many transcripts
encoding expansin related protein (ProteinIDs 34090, 78206, 71932 and 105838)
and degradative enzymes (ProteinIDs 49700 and 109181) were highly expressed
during germination suggesting their preferential role during first steps of fungal de-
velopment. In contrast, several SSPs transcripts peaked during biotrophic growth
in planta. At 96 hpi, when haustorial structures are established in planta, massive
inductions of transcripts displaying similarities with the Melampsora lini HESPs
or Uromyces fabae Rust Transferred Protein 1 were observed [242, 243, 244]. In
spite of the massive detection of known SSPs during parasitic growth, particularly
after haustoria formation, the large part of transcripts accumulated in planta en-
codes unknown proteins, specifically identified in M. larici-populina genome and
could represent a large reservoir of new rust effectors.
For P. graminis f. sp. tritici, similar methods were used to identify secreted
proteins. All predicted proteins were first screened for the presence of a poten-
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tial secretion signal using SignalP, requiring a HMM signal probability (Sprob)
of at least 0.9; a total of 1,934 proteins fit this criteria. Proteins were then ana-
lyzed with TargetP to filter out potential mitochondrially targeted proteins (RC1 or
2). Next, proteins with potential transmembrane domains predicted by TMHMM
were removed, requiring a helix of at least 18aa not in the first 60 amino acids,
to avoid overlap with the secretion signal, and at least 1 predicted helix. Lastly,
proteins with predicted GPI-anchor sites predicted by the big-PI fungal predictor
were flagged (total of 136 proteins). The final set of predicted secreted proteins to-
tal 1,386. To identify families of SSPs, the set of 1,105 predicted secreted proteins
that were at most 300 amino acids in size were clustered. This set was compared
to itself using Blast, and the resulting hits were clustered based on the expect
value into families using the mcl algorithm (version MCL-09-308) with an infla-
tion value of 1.1. The resulting 164 clusters varied in size from 2 to 38 proteins.
The largest cluster of 38 proteins contains a conserved set of 8 cysteines, but oth-
erwise weak overall similarity. While most members of this family are not highly
expressed in wheat, four proteins (PGTG07275, PGTG03101, PGTG00970, and
PGTG00967) were highly represented in the haustorial EST set (by 57, 22, 14, and
7 ESTs respectively). Of the largest ten clusters, only the 9th contained proteins
with the previously described N-terminal [YFW]xC motif [234].
The M. larici-populina and P. graminis f. sp. tritici genomes contain all pro-
tein complexes needed for the classical eukaryotic secretion pathway. Protein se-
quences are well conserved among fungi, except for the SRP (Signal Recognition
Particle). Whole genome expression array of M. larici-populina genes indicate
that 96.5% of these gene models are constitutively and highly expressed, suggest-
ing that the identified secretion pathway is functional and active both in uredin-
iospores and in planta.
5.3.3 Rust fungi Carbohydrate-Active Enzymes set.
Gene families encoding host-targeted, hydrolytic enzymes acting on plant biopoly-
mers, such as proteinases, lipases, and several sugar-cleaving enzymes (CAZymes)
[245], are highly upregulated in both rust pathogen transcriptomes in planta (Ta-
bles 5.2, 5.3), suggesting that the invading hyphae is penetrating the host cells
by using these degrading enzymes. The comparison of the glycoside hydrolase
(GH), glycosyltransferases, polysaccharide lyase (PL) and carbohydrate esterase
(CE) of 21 sequenced fungi (Figure 5.3) however revealed that M. larici-populina
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and P. graminis f. sp. tritici have a relatively smaller set of GH-encoding genes
(173 and 158 members, respectively); similar to the basidiomycete symbiont L.
bicolor [51], but much fewer than hemibiotrophic or necrotrophic phytopathogens
(e.g., Magnaporthe grisea) and saprotrophs (e.g., Neurospora crassa; Coprinop-
sis cinerea; Schizophyllum commune) [246]. This set of CAZymes is strikingly
larger than the repertoire of the biotroph Ustilago maydis (100 members) [230]. In
evolving a biotrophic lifestyle, the rust fungi have lost several secreted hydrolytic
GH and PL enzymes acting on plant cell wall (PCW) polysaccharides (Figure 5.3)
and they are lacking the cellulose-binding CBM1 module. However, they show a
moderate expansion of a few GHs cleaving plant celluloses and hemi-celluloses
(e.g., GH7, GH10, GH12, GH26 and GH27) compared to the biotroph U. maydis
or the hemibiotroph M. grisea. These enzymes, together with in planta upregulated
and expandedα-mannosidase (GH47) and β-1,3-glucanase (GH5) transcripts, may
play a key role in the initial stages of host colonization, i.e. penetration of the
parenchyma cells. On the other hand, induced chitin deacetylases (CE4) present
in P. graminis f. sp. tritici, M. larici-populina and the symbiont L. bicolor [51] are
likely involved in fungal cell wall remodelling and may play a role in the alteration
of the fungal cell wall surface during infection to conceal the hyphae from the host
[247].
Figure 5.3 (facing page): Double clustering of the carbohydrate-cleaving families [234]
from representative fungal genomes. Top tree: the fungi named are Aspergillus nidulans
(Anidu), Aspergillus niger (Anige), Aspergillus oryzae (Aoryz), Cryptococcus neoformans
(Cneof), Gibberella zeae (Gzeae), Hypocrea jecorina (Hjeco), Laccaria bicolor (Lbico),
Magnaporthe grisea (Mgris), Malassezia globosa (Mglob), Melampsora larici-populina
(Mlari), Nectria haematococca (Nhaem), Neurospora crassa (Ncras), Penicillium chryso-
genum (Pechr), Phanerochaete chrysosporium (Phchr), Podospora anserina (Panse), Pos-
tia placenta (Pplac), i f. sp. i (Pgram), Saccharomyces cerevisiae (Scere), Schizosaccha-
romyces pombe (Spomb), Tuber melanosporum (Tmela) and Ustilago maydis (Umayd).
Left tree: the enzyme families are represented by their class (GH, glycoside hydrolase;
PL, polysaccharide lyase) and family number according to the carbohydrate-active enzyme
database [245]. Right side: known substrate of CAZy families (most common forms in
brackets): BPG, bacterial peptidoglycan; CW, cell wall; ESR, energy storage and recovery;
FCW, fungal cell wall; PCW, plant cell wall; PG,protein glycosylation; U, undetermined;
α-gluc, α-glucans (including starch/glycogen); α-man, α-mannan, β-glyc, β-glycans; β-
1,3-gluc, β-1,3-glucan; cell, cellulose; chit, chitin/chitosan; dext, dextran; hemi, hemicel-
luloses; inul, inulin; N-glyc, N-glycans; N-/O-glyc, N- / O-glycans; pect, pectin; sucr,
sucrose; and treh, trehalose. Abundance of the different enzymes within a family is repre-
sented by a colour scale from 0 (white) to 33 occurrences (red) per species.
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5.3.4 Expanded rust transporters gene families are expressed
during host infection.
A process that is crucial to the success of rust pathogen biotrophic interactions
is the acquisition of nutrients (carbohydrates and amino acids) by invading hy-
phae from its host plant through the haustoria [232, 248, 249]. The repertoire of
membrane transporters in M. larici-populina and P. graminis f. sp. tritici con-
tains homologs of the hexose transporter HXT1, amino-acid transporters AAT1,
AAT2 and AAT3 and H+-ATPases from the bean rust pathogen (Uromyces fabae),
known to be highly upregulated during the interaction with its host plant. In addi-
tion, M. larici-populina and P. graminis f. sp. tritici genomes display an increased
genetic potential for peptide uptake with 22 and 21 oligopeptide transporter (OPT)
genes, respectively, whereas other basidiomycete genomes only contain five to 16
OPT genes. OPT genes that are transcriptionally upregulated in planta, are likely
involved in the transport of peptides released by the action of the induced pro-
teinases (aspartic peptidase, subtilisin) expressed in infected leaf tissues. The Ma-
jor Facilitator Superfamily (MFS) gene family is reduced in the M. larici-populina
and P. graminis f. sp. tritici genomes compared to other basidiomycetes, but many
MFS transcripts are however highly expressed in planta including two HXT1 ho-
mologs. Consistent with in planta expression of M. larici-populina and P. graminis
f. sp. tritici invertase genes, no homolog of the sucrose transporter Srt1 recently
described in U. maydis [248] was identified, supporting the preferential uptake of
host hexoses by invading rust pathogen hyphae [249]. The increased activity of
membrane transporters provides the needed fuel for the high primary metabolism
activity observed in the invading rust fungi.
Figure 5.4 (facing page): Hierarchical clustering of Puccinia graminis f. sp. tritici
(Pgra) and Melampsora larici- populina (Mlar) specific gene family expansions. The
left panel shows the gene family size in each species. The z-scores scale indicates that,
given a certain gene family and organism, the gene family size is substantially smaller
(yellow) or larger (blue) than the mean gene family size (note the scale on the top). Hence,
blue blocks reflect gene family expansions. On the right pannel, the gene family ID is
given followed by the number of genes in the family in P. graminis f. sp. tritici and M.
larici-populina (between brackets) followed by the gene description (pfam families). Ccin,
C. cinerea; Cneo, C. neoformans; Lbic, L. bicolor; Mory, Magnaporthe oryzae; Mglo,
Malassezia globosa; Ncra, Neurospora crassa; Pchr, Phanerochaete chrysosporium; Ppla,
Postia placenta; Sros, S. roseus; and Umay, U. maydis.
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5.3.5 Nitrate and sulfate assimilation pathways deficiencies in
rust fungi.
Based on the inability of rust fungi to grow in vitro we hypothesized that the
M. larici-populina and P. graminis f. sp. tritici genomes may lack genes typi-
cally present in saprotrophic basidiomycetes. Major anabolic pathways of primary
metabolism were manually inspected for potential deficiencies. Although the en-
zymes of the NH4+ assimilation pathway were identified, several genes involved
in nitrate assimilation were lacking in both rust pathogen gene repertoires. The
nitrate/nitrite porter and the nitrite reductase (NiR) are missing from the nitrate
assimilation gene cluster found in other fungi (Figure 5.5) [250]. Genes required
to perform the primary sulfate assimilation were identified in M. larici-populina
whereas they were lacking in P. graminis f. sp. tritici. The latter fungus lacks
both α- and β-subunits of sulfite reductase (SiR), whereas the M. larici-populina
β-subunit of SiR is missing the transketolase domain present in other fungal SiRs.
The apparent lack of nitrate and sulfate assimilation enzymes in both rust fungi is
consistent with their obligate biotrophic life style, as they depend on reduced nitro-
gen (either NH4+ or amino acids) and sulfur from plant cells. These metabolic de-
ficiencies have also been found in plant pathogens that represent two independent
evolutionary lineages of obligate biotrophy in the oomycete (H. arabidopsidis) and
ascomycete (Blumeria graminis) lineages [225, 226].
5.4 Conclusions
The obligate biotroph status of rust fungi has limited studies to understand how
they invade their hosts and avoid or suppress defense responses. The genome
sequences of the poplar leaf and wheat stem rust fungi are an unparalleled oppor-
tunity to address questions related to the obligate biotrophy lifestyle. The genetic
changes that brought about the evolution of obligate biotrophy from biotrophic
progenitors remain obscure. Our comparisons of M. larici-populina and P. grami-
nis f. sp. tritici to other saprotrophic, pathogenic and symbiotic basidiomycetes
indicate that the developmental innovations in the lineages of rust fungi did not
involve major changes in the ancestral repertoire of proteins with known function.
On the other hand, the large set of lineage-specific, expanding gene families may
provide a key source of developmental innovation and adaptation. Our analysis
shows that the colonization of the host leaf, differentiation of pathogenic struc-
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Figure 5.5: Structure of the nitrate assimilation cluster among Basidiomycetes. Phy-
logram based on the MS277 and MS456 genes [122] from eight Basidiomycete fungi was
obtained using the minimum evolution method implemented in MEGA4 [251], with the
complete deletion option for handling alignment gaps, and with the Poisson correction
model for distance computation. Bootstrap tests were conducted using 1000 replicates.
Branch lengths (drawn in the horizontal dimension only) are proportional to phylogenetic
distances. Description of open reading frames coding nitrate/nitrite porter (green), nitrate
reductase (purple) and nitrite reductase (red) is given. Numbers indicate the start and stop
codons for each ORF. Grey rectangles indicate proteins that are not functionally related to
nitrate assimilation.
tures and control of the plant immune system can be associated with a large-scale
invention of lineage-specific proteins. For example, the rich repertoire of candi-
date effector- like SSPs could underline the co-evolution and adaptation of these
obligate pathogens to the plant immune system. Contrary to obligate bacterial
biotrophs and microsporidian fungal parasites which oftenly undergo gene loss
and genome compaction [223, 224], the rust pathogen genomes are amongst the
largest fungal genomes sequenced so far showing expanded gene families and mas-
sive proliferation of TEs. No massive gene loss was observed in M. larici-populina
and P. graminis f. sp. tritici, but irreversible deletion of genes not essential for the
obligate biotrophic life-style (e.g., N and S assimilation), together with a lower
set of plant cell wall polysaccharide degrading enzymes are genomic hallmarks of
rust fungi and other biotrophic pathogens [225, 226]. A deeper understanding of
the complex array of factors, such as effector-like SSPs, affecting hostaˆpathogen
interactions and co-evolution could ensure efficient targeting of parasite-control
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methods in agricultural and forest ecosystems.
5.5 Material and Methods
The dikaryotic M. larici-populina 98AG31 and P. graminis f.sp. tritici CDL 75-36-
700-3 (race SCCL) strains were sequenced by whole-genome sequencing (WGS)
and were assembled into predicted 101.1Mb and 88.6 Mb genomes respectively
(SI Text). The protein coding-genes (16,399 for M. larici-populina and 17,773 for
P. graminis f.sp. tritici) were predicted with a combination of gene callers using
ESTs produced from each rust fungus (SI Text). Reduced gene sets were consid-
ered to perform multigene families analysis (14,527 and 15,680 predicted genes
for M. larici-populina and P. graminis f.sp. tritici respectively) by removing gene
models presenting overlaps with specific repeats/TE fragments to avoid creation
of biased gene families (see Chapter 5.5.1 ). The M. larici-populina and the P.
graminis f.sp. tritici genome sequence can be accessed from the genome portals
at JGI 2 and Broad Institute 3.
5.5.1 Detection of transposable elements in theM. larici-populina
and P. graminis f. sp. tritici genome
The REPET pipeline4[99] was run on the M. larici-populina and P. graminis f.
sp. tritici genome contigs. A de novo repeat search was performed using Blaster
(percent identity>90, HSP length >100bp and <20Kb, e-value 1e−300). The cu-
mulative length of de novo repeats corresponded to 29% and 36% of M. larici-
populina and P. graminis f. sp. tritici genomes respectively. High-scoring pairs
(HSPs) identified in the first step were grouped into clusters [99, 252, 253]. Mul-
tiple alignments (MAP) of the 20 longest members of each cluster containing at
least 3 members (5,141 clusters for M. larici-populina and 6,967 clusters for P.
graminis f. sp. tritici) were used to derive a consensus for each. Consensus
sequences were finally classified using TEclassifier and by removing redundancy
with Blaster and Matcher. Complete transposable elements (TEs, comp) must have
a structure compatible with a full transposable element and similarity with known
transposable elements from Repbase Update (v14.05) [254]. Incomplete TEs have
2http://genome.jgi-psf.org/Mellp1/Mellp1.home.html
3http://www.broadinstitute.org/annotation/genome/puccinia group/MultiHome.html
4http://urgi.versailles.inra.fr/index.php/urgi/Tools/REPE
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either evidence of TE structure or similarity but not both. Consensus sequences
without any known structure or similarity were classified as ‘NoCat’. Three meth-
ods (Blaster, Censor, RepeatMasker) were used to annotate TE copies in the whole
genome based on the TE consensus from the TE de novo pipeline. The adjacent or
overlapping HSPs from the same TE categories were were filtered and combined.
To annotate simple sequence repeats (SSRs), three methods (TRF, Mreps and Re-
peatMasker) were used to provide SSR genome annotation. TE doublons and SSR
included in TE annotation were then removed. Finally a ‘long join procedure’ was
used to address the problem of nested TEs. This procedure finds and connects the
split segments of one TE interrupted by several other TEs due to recent insertion.
Consensus sequences of M. larici-populina and P. graminis f. sp. tritici TEs (2,020
and 2,171 respectively) were used to annotate cluster members in these genomes.
5.5.2 Gene prediction
For M. larici-populina, a combination of various gene callers was used for gene
prediction and included ab initio and homology based Fgenesh [78] , Genewise
[73] and EST based estExt, as well as EuGene [81]. Based on the 49,017 ure-
diniopsores ESTs, a subset of 300 genes was carefully annotated by the Melamp-
sora Genome Consortium to determine their parameters (e.g. donor and acceptor
splice-sites, intron mean length, stop codons) and to train gene callers for gene
prediction. Different sets of gene calls were found by the distinct algorithms.
Gene models were then combined to produce a non redundant set of genes using a
heuristic approach implemented in the JGI pipeline to conserve a single best gene
model per locus. An initial set of 16,694 predicted gene models was made avail-
able on the Melampsora genome website (2008). Manual curation of genes was
performed by the Melampsora Genome Consortium for selected gene categories
(see section 7) and new gene models were found by using M. larici-populina ESTs
sequenced from urediniopsores and infected plant tissues (this study and 27) and
recursive blast searches against the genome. Finally, a total of 16,399 gene models
are predicted in the M. larici-populina catalog (2010). The distribution of coding
sequence compared to TE is detailed for the three largest scaffolds in Figure 5.1.
For P. graminis f. sp. tritici, gene structures were predicted using a combina-
tion of manual annotation, automated gene callers, and EST-based transcript iden-
tification. Over 87,000 ESTs sequenced as part of this project were aligned to the
genome using BLAT, and alignments were clustered to construct reference tran-
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scripts. We also predicted potential genes using Fgenesh [78], GeneID [255], and
Augustus [71], which were trained on the subset of EST-based transcripts which
covered entire ORFs without splicing or frame conflicts. The gene model with
the best alignment with BLAST hits and agreement with splice sites inferred from
ESTs was selected for each locus. Gene models with potential problems were
manually reviewed and edited where possible. The resulting gene set of 20,567
genes was then examined for potential false positive calls. A total of 2,794 genes
were either similar to repetitive elements or low confidence gene models and were
flagged as dubious. Subtracting these from the gene set resulted in a total of 17,773
predicted proteins.
5.5.3 Single Nucleotide Polymorphism (SNP)
SNPs were identified for M. larici-populina by mapping the sequencing reads back
to the assembled genome. Only sequencing reads with unique placement on the
genome assembly were used for the SNP detection. Each base should be covered
by at least four reads (two from the consensus reads and two from the SNP) and
has less than 25 reads covered (above the nonrepetative region coverage). In total,
88,083 SNPs were detected in the dikaryotic genome. There was no SNPs density
difference observed between the coding (0.84 SNPs/1kb) and non-coding region
(0.87 SNPs/1kb). More than 70% of 1kb genome sequence bins contained less
than 1 SNP and a total of 254 1kb genome sequence bins contained more than 10
SNPs.
For P. graminis f. sp. tritici, SNPs were called from 147 million Illumina 76b
paired reads, which were aligned to the genome assembly using BWA [256]. The
resulting alignments of 113 million reads covered 99.8% of the assembled bases at
an average of 78-fold depth. Filtering for unique alignments and mapping quality
of 30 or greater resulted in 49.7 million read alignments which covered 85.99% of
the assembly at 41-fold depth. To identify SNPs, consensus genotypes were called
from these alignments using SAMtools varFilter (called by samtools.pl). Variants
were then filtered to require a depth of 4 or more, and a maximum of 1 SNP in
a 10 base window. Positions with alternate (non-reference) allele frequency be-
tween 20% and 80% were classified as heterozygous; positions with <20% of an
alternate allele were classified as homozygous reference calls and removed from
the set of SNPs. We then applied neighborhood quality standard (NQS) filtering,
requiring an assembly quality of 25 at the SNP position and 20 for the 5 base neigh-
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borhood on both sides of the SNP. Lastly, the coverage distribution was examined
using a boxplot, and positions with more than 1.5 times the interquartile range
above the 75th percentile were classified as outliers and removed. Lastly, A to-
tal pf 135,928 were identified; based on normalization for potential SNP positions
(positions with sufficient uniquely aligned reads and which satisfied NQS criteria),
the rate of variation was calculated at 2.09 SNPs/kb of coding sequence and 1.98
SNPs/kb of intergenic sequence, higher rates than that found in M. larici-populina.
5.5.4 Orthology, synteny, tandem repeats and multigene fami-
lies analysis
Multigene families and evolutionary analysis of multigene families
To examine patterns of gene loss and gain in the rust genomes, we collected
proteins sets from 12 publicly available fungal genomes [10 Basidiomycota: M.
larici-populina (JGI, frozen gene catalog), P. graminis f. sp. tritici (Broad In-
stitute), C. cinerea (Broad Institute), C. neoformans (Broad Institute), Postia pla-
centa (JGI), L. bicolor (JGI, Frozen gene catalog), Malassezia globosa, Phane-
rochaete chrysosporium (JGI), S. roseus (JGI, v1) and U. maydis (Broad Insti-
tute); two Ascomycota: Neurospora crassa (Broad Institute) and and Magna-
porthe oryzae (Broad Institute)]. Gene families were constructed based on se-
quence similarity and then grouped by TribeMCL [105]. This resulted in a dataset
of 15,012 gene families and 18,138 orphans (i.e. genes without homology to other
sequence in the dataset). Excluding the orphan genes, M. larici-populina has 5,304
gene families with average family size 2.71 genes per family whereas P. graminis
f. sp. tritici has 5,413 gene families and the average gene family size is 2.67 gene
per family, family; both are slightly larger than the average 2.55 genes per family
observed in L. bicolor [51]. Two rust genomes both experienced large gene family
expansions, there are 19 gene families (1,597 genes) expanded to more than 50
gene copies in M. larici-populina and 14 gene families (1,183 genes) in P. grami-
nis f. sp. tritici. On the contrast, L. bicolor only had 13 gene families (868 genes)
with such large expansion.
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Figure 5.6: Molecular divergence between Pucciniomycotina and other Basidiomy-
cota and between Pucciniomycotina paralogous and orthologous gene pairs. A, Two
Pucciniomycotina (Melampsora larici-populina and Puccinia graminis) have large protein
sequence divergence with other Basidiomycota genomes. More than half of M. larici-
populina and P. graminis orthologous genes have protein sequence similarity higher than
60%. On the contrast, half of the orthologous genes between P. graminis and U. may-
dis share less than 40% sequence similarity. Orthologous genes were identified based on
reciprocal best hits. Protein sequences similarity were calculated from Smith-Waterman
alignments. B, Age distribution of paralogous and orthologous gene pairs. The vertical
axis indicates the number of gene pairs and the horizontal axis measures Ks.The synony-
mous substitution rates of homologous gene pairs were estimated with codeml in the PAML
program (40). Gene pairs were regarded as homologous if the aligned region was longer
than 150 amino acids and if the sequences shared more than 30% similarity. (MlarPgra:
Melampsora larici-populina and Puccinia graminis orthologous gene pairs)
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To infer phylogenetic relationships, protein alignments were generated using
MUSCLE [148] for each of one hundred and five single copy gene families. Un-
conserved regions in each multiple alignment were removed using an in-house
script. The conserved region of each single copy gene family was concatenated
into one sequence and the phylogenetic relationships of fungal species were in-
ferred using PhyML [257] with default parameters. The phylogenetic profiles of
each gene family were constructed to reflect the absence or presence of a particu-
lar gene family in a given species. We combined the phylogenic profiles and the
species tree to reconstruct the parsimonious series of gene gain and loss events
[258] of these fungal genomes. The DOLLOP program from the PHYLIP [157]
package was used to define the minimum gene set for ancestral nodes of the phy-
logenetic tree. The DOLLOP program is based on the Dollo parsimony principle,
which assumes that gene(s) have arisen exactly once on the evolutionary tree and
can be lost independently in different evolutionary lineages.
The protein sequences in each fungal genome were searched against the NCBI
nr protein database with threshold e-value < 1e−5 and were stored as XML for-
mat. Using these blast hits, the Gene Ontology (GO) vocabulary for each protein
sequences was predicted using the Blast2GO pipeline [259]. To further enrich
the mapping of proteins with GO annotation, the InterProScan [88] result of each
protein sequence was combined with the Blast2GO result. Due to the stage of
each genome annotation and the manual curation of GO terms for each genome
project, the number of predicted GO terms in each genome are highly variable.
For example: the M. oryzae genome has largest number of homology based GO
assignments; it was published in 2005 with more than 6 reversion to the genome
annotation and more importantly, a comprehensive manual GO annotation cura-
tion. By contrast, the M. larici-populina and P. graminis f. sp. tritici genomes
contain many lineage-specific gene families which are not homologous to proteins
in the current nr database and both contain very few predicted GO annotations.
Based on the Dollop analysis, we identified large number of species specific gene
families in M. larici-populina and P. graminis f. sp. tritici (909 and 1,241 families
with 5,798 and 6,139 genes respectively).
Among these families, 8 and 6 GO-terms are over-represented (FDR <0.01)
in M. larici-populina and P. graminis f. sp. tritici respectively, corresponding to
regulators of fungal cell-wall degradation/synthesis and carbohydrate metabolic
processes in the poplar rust and regulation of carbohydrate and glycogen catabolic
processes in the wheat stem rust; whereas 1,282 and 895 GO-terms are under-
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represented in M. larici-populina and P. graminis f. sp. tritici respectively.
To obtain a clear picture of the M. larici-populina and P. graminis f. sp. trit-
ici gene families expansion, all gene families (excluding orphans, species-specific
families and transposable elements), the standard deviation and the mean gene
family size were calculated. The matrix of these profiles was transformed into a
matrix of z-scores to center and normalize the data. The 100 families with the
greatest z-scores in M. larici-populina and/or P. graminis f. sp. tritici whereas the
standard deviation larger or equal than 2 were extracted. These profiles were hier-
archically clustered (complete linkage clustering) using the Pearson correlation as
a distance measure. The clustering and visualization was done using MeV [260].
The biological function of each family was assigned based the sequence similar-
ity between the Pfam protein domain database and the best hit to the UniProt-
SwissProt protein database (Figure 5.4). Although the total numbers of trans-
porters detected in the two rust genomes were lower to those reported for other
fungi, several transporters families are clearly expanded, particularly oligopeptide
transporters and divalent cation transporters (Figure 5.4), indicating singularities
in the biotrophy-related transport machinery of rust fungi (see below). Additional
expanded families include transcription factors, copper/zinc superoxide dismutase,
and α-kinase families. Other than these, most gene expansions detected in one
or another rust genome are related to unknown functions and encompass several
genes encoding small secreted proteins (Figure 5.4).
Lack of genome duplication and synteny between M. larici-populina and
P. graminis f. sp. tritici
The identification of tandem genes, duplicated blocks and the synteny region
between two genomes was conducted by i-ADHoRe 2.0 (Automatic Detection of
Homologous Regions) [261]. Gene pairs were regarded as homologous if they be-
long to the same gene family from TribeMCL clustering. Tandem duplicate genes
were defined as two homologous genes separated by less than 10 non- homologous
gene on the chromosome. The two tandem duplicated genes could be in any orien-
tation with respect to each other. In the M. larici-populina genome, we identified
117 duplication blocks with 3 to 8 paralogous gene pairs (1,467 genes in total)
ranging from 5 kb to 285 kb in size. Furthermore, 1,495 genes are tandem dupli-
cated in 664 tandem arrays. The P. graminis has 90 duplication blocks with 3 to
26 paralogous gene pairs (1,955 genes in total) ranging from 4kb to 467kb in size
and 1,282 tnadem duplicated genes are arranged in 561 tandem duplicated arrays.
No significant gene functional enrichment could be detected in the duplicated re-
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gions. There are 39 synteny blocks between M. larici-populina and P. graminis.
The largest synteny block has six orthologous gene pairs with 51 predicted genes
spanning on 281kbp of genomic sequence. Sequence evolution rate between gene
pairs was estimated by calculating the rate of synonymous substitution (Ks) using
the method described by [262] (Figure 5.6 ). Duplicated blocks between the two
genomes showed higher Ks values i.e. older date of duplication event compared to
duplicated blocks in each rust genome supporting the old radiation of the two rust
species in the Pucciniales taxon.
5.5.5 Microarray analysis of gene expression in urediniospores
and rust-infected plants
For both M. larici-populina and P. graminis f.sp. tritici, gene expression was as-
sessed in resting and in vitro germinating urediniospores of the sequenced rust
strains as well as in respective host plant tissues at late stages of infection using
specific custom 70- mer oligoarrays. Data have been deposited in GEO (GSE23097
for M. larici-populina and GSE25020 for P. graminis f.sp. tritici).
5.5.6 Data deposition
Genome sequence assembly accessions: AECX00000000 (for M. larici-populina
98AG31) and AAWC01000000 (for Puccinia graminis f. sp tritici); Expression
data in GEO: GSE230975 (for M. larici-populina 98AG31) and GSE25020 (for
Puccinia graminis f. sp tritici).
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Conclusions and Perspectives
6.1 The check list of a genome project
As I described in previous Chapters, it is not trivial on how to start a genome
project and what is the relevant questions to answer. Here is a brief summary of
what should be taking into account when planing a genome project in the future.
First, how much do we know and what is the available resources of the organism
in terms of their life cycle and genome complexity? Knowing the life cycle allows
one to develop breeding programs to obtain inbreed lines or haplotype genome
material. The more homogeneous genome material one could obtain, the eas-
ier to reconstruct the genome structure. The information of genome complexity
further helps one to design the sequencing and assembly strategy and estimates
the necessary sequencing cost though there is no straightforward method to pro-
pose a best sequencing model for each organism. The combination of different
second-generation sequencing platforms is proven to assemble even larger eukary-
otes genomes but still ends with thousands of scaffolds ([42, 6]). The emerging
of the single-molecular sequencing and the optical sequencing (tens to hundreds
of kilobases) provide a powerful view of the genome structure and is likely to
improve the genome assembly [263]. However, it has been shown in the past
two years that many traditional wet lab scientists jumped into sequencing their
pet organisms by the second-generation sequencing without consulting a genome
scientists in advance. Such sequencing by passion often ends up gigabits of un-
manageable data lying in the hard drive either with insufficient reads depth or lack
of proper sequencing strategy. Genome scientists, molecular biologists, geneti-
131
Chapter 6
cists, computational biologists and traditional biologists should team up as early
as possible when a genome project is initiated.
Second, what is the scope of the genome project? In the traditional genome
project, the reference genome sequence is not yet available and the main object is
to obtain the reference sequence and to identify their protein-coding genes. As the
reference genomes are increasing available (despite the uncertainty of the sequence
and annotation quality), there is a pressing interest to sequence strains/individuals
in the same organism or the closely related species. Instead of sequencing the
haploid stage genome as in the traditional genome project, resequencing projects
should consider to sequence the diploid genome because it is more likely to link
the genotypes and phenotypes information. In addition to the genome sequencing,
the RNA-seq method by the second-generation sequencing have proven to generate
sufficient breadth and depth of transcriptome information. The RNA-seq method
does not only provide the gene expression level as in the microarray technology
but also uncovers novel transcripts, splice variants and non-coding RNAs. It is
worth to consider the RNA-seq sequencing to identify the differential expressed
genes when two strains show apparent phenotypic differences.
Challenges and opportunities of gene prediction programs
In the past, a well-trained gene prediction was essential to identify large part of
protein-coding genes because the capillary-based EST lack of sequencing breadth
and depth. However, the training of the gene prediction programs is not straight-
forward. In most of the advanced gene prediction programs, parameters optimiza-
tion on a carefully selected gene set is the crucial step to predict reliable gene
structures. It is therefore not surprising to see many genome annotation are done
without a proper training step or using an improper gene prediction method. Due
to the ease of generating new genome sequences by the next-generation sequenc-
ing method. These incorrectly predicted genes are for sure continue flooding in
the public database in coming years. However, most researchers are not aware of
the lack of proper gene prediction training and therefore result in the conclusion
that gene prediction programs are not worth to trust.
Furthermore, the advent of RNA-seq further challenges the necessity of the
gene prediction programs. The human genome is estimated to contain as many as
100,000 alternative spliced forms but large part of these splice variants are missing
in the gene prediction programs. This is because most gene prediction programs
tend to predict gene models containing the highest prediction score in the same
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locus. The alternative splice variants with lower scores are less reliable and are
normally discarded. On the other hand, the deep-sequencing of transcriptome can
identify the lowly expressed alternative splice variants whereas a comprehensive
collection of biological samples can uncover most condition specific transcript
forms. An optimistic view of the pure RNA-seq based gene discovery is to se-
quence as many stages/tissues as possible. In practice, most genome projects do
not have such luxury to sample so many different conditions. One can not count
on using the RNA-seq to provide a complete set of gene category.
Nevertheless, the new sequencing technologies are no doubt challenging our
view to the gene prediction programs. Unfortunately, there is no existing gene pre-
diction program than can fully use the rich information from the next-generation
sequencing data. Under the existing gene prediction framework, here I propose an
update model to incorporate the new data (Figure 6.1). First is the building of the
reference sequence scaffolds, as we can expect the single molecular sequencing
or the optical sequencing generates the longer scratch of sequence, gene predic-
tion programs can benefit from the longer sequence that contains more informa-
tive coding/non-coding sites. Next, as the sequencing cost drop, it is relative easy
to obtain a low coverage genome sequence. A broad sampling from the closely
related organisms can provide higher discriminating power in the comparative ge-
nomics gene prediction procedure. Third, the rich of transcript information from
the RNA-seq data uncovers more rare splice variants than one can expect in the
past. Gene prediction programs should be able to incorporate these splice variants
and provide multiple high quality gene structures in one locus. Furthermore, as the
de novo transcriptome assembly program can produce the full transcripts, one can
inject these gene models into the gene prediction program and boosts the predic-
tion accuracy. These fully assembled transcripts can be readily used as the training
or validation data and is likely to reduce the data collection time. In addition to
the transcript variants discovery, the transcript start sites (TSS) can be detected
by the oligo-capping method from the same cDNA library. It is possible to iden-
tify the translation start sites by coupling the TSS information with the N-terminal
proteomics data.
However, in order to broaden the user group of these gene prediction programs
and to ensure most genome annotation and gene prediction are done by on a proper
procedure, it is the gene prediction program developers’ responsibility to introduce
a more user friendly environment. Although it is less likely to provide the ‘click
and predict ’ annotation system, it is possible to provide a step-by-step training
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Figure 6.1: A proposed gene prediction models with new technologies. Using the exist-
ing EuGe`ne framework, the next generation gene prediction programs should incorporate
the stat-of-the-art technologies to improve genome sequence quality, training data collec-
tion, genome sampling and the detection of other intrisic signals.
procedure so general users can eventually optimize the prediction parameters on a
specific organism. Furthermore, it is necessary to alarm traditional biologists with
the lack of proper gene prediction on the public database so they can carefully
evaluate the database search result.
6.2 The road ahead – after the genome project
Joining a genome project is often a long time commitment. We should do our
utmost best efforts to come up with the best gene annotation based on the latest
genome assemblies. However, the field evolves fastly and we are always moving
forward to the next genome projects while we are also struggling to get enough
funding whereas many collaborators consider the genome annotation and analysis
as a service that comes for free. Moreover, genome projects should not be consid-
ered as a personal property and it can only flourish with the community efforts. A
finished genome project should not be merely a paper presented in a high profile
journal such as Nature or Science but it should be considered a starting point for
in-depth exploration of the (accompanying) genome(s). It should be an interac-
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tive process where the annotation group continues to improve the annotation while
getting feedbacks from experimental biologists. I will reason here why none of
the genome projects can be actually regarded as ‘completed’ and the ‘finished’
genome deserves our continuous involvements.
Furthermore, genome sciences are dominated by high-throughput, genome-
scale experiments and generate millions of data points rapidly. This new field
transformed biological sciences from an almost pure experimental centric view
into a combination of requiring both theoretical and practical works. Advances
in instruments and computer programs not only have facilitated the speed of data
generation and collection but also raise the need for precision of the data analy-
sis. For instance, the single molecule sequencing technique does not only gener-
ate large volume, high quality of reads but the ability to detect low represented
DNA/RNA species opens up great opportunities to study previously unculturable
organisms. How to manage and make sense from these tremendous amounts of
data in a streamline process becomes the next grand challenge. The second sec-
tion is the outlook for the future data analysis.
6.2.1 How complete is your genome?
Due to the ever increasing pace of sequencing capacity, we can collect sufficient
sequencing data for a target genome within a week. However, the ability of trans-
forming data into knowledge and from knowledge to ‘true’ understanding is much
more complicated. There are three levels where one can define the completeness
of a genome of interest.
The genome assembly
The first level of completeness is based on the genome assembly. The High
Throughput Genomic Sequences (HTGS)1 status on the International Nucleotide
Sequence Database Collection (INSDC) – a coordinate effort among DDBJ, EMBL
and GenBank, is defined in four phases. Phase 0 is the genome assembly from low-
pass reads, Phase 1 is the assembly with unfinished, unordered, unoriented contigs
containing gaps, Phase 2 is the assembly with ordered, oriented contigs contain-
ing gaps and Phase 3 is the finished genome with no gaps. Recent whole-genome
shotgun sequencing projects typically fall into the Phase 1 or Phase 2 categories
with hundreds or thousands of scaffolds and unable to be assigned to the corre-
sponding chromosomes. To obtain a Phase 3 quality genome assembly, it requires:
1http://www.ncbi.nlm.nih.gov/HTGS
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1) additional sequencing efforts for ‘Finishing’ – a special step to close the gap.
Sometimes it is more expensive than the initial sequencing cost, which requires
experienced experts. 2) a linkage group and a set of molecular markers to bridge
the gap between the genetic map and the physical map, which is sometime not
feasible for some organisms.
The lack of the finished, high-quality genome assembly of the model organ-
ism sometimes means losing the full context of the genome sequence. In the case
of the mouse genome, for instance, at least 139 Mb of the genome sequence was
missing in the whole-genome shotgun version [264]. After they first published the
draft WGS assembly version, it took the same research group 8 more years to gen-
erate the clone-based assembly into the ‘Finish’ grade genome. The very recent
segmental duplicated regions and transposable elements were also not available
in the published draft. In addition to this, at least 40% of segmental duplicated
sequences are copy number variable even among laboratory mouse strains. The
additional genome sequence revealed the rodent specific genes, especially the re-
production related gene families expansion, which is the main research topic in
mouse biology.
Functional annotation
The second level of completeness is how deep is our understanding of biology
from the genome analysis? The rapid growth in genome sequencing with the ‘se-
quencing, sequencing and sequencing’ slogan from the world’s largest sequencing
facilities seems to give us the illusion that we can understand all of the biology
once we sequence every organism. Is it true that we can improve our biological
understanding once we obtain all the genome sequence?
Peer Bork once estimated that we can only predict functions of 70% of the
genes in a given genome, and even worse, only 70% of the prediction will be
correct [265]. It is therefore not surprising to see that more than half of the pre-
dicted genes in the sequenced genomes do not have functional annotation and were
assigned as ‘hypothetical protein’ (Figure 6.2). Furthermore, the ‘conserved hy-
pothetical’ genes present the knowledge black hole where these genes are pre-
sented in many genomes but we are unable to associate gene functions with them.
Galperin and Koonin [266] further provided detail definitions for gene function
such as the ‘known unknown’ category for genes with know cellular function but
the biochemical function is unknown and the ‘unknown unknown’ category where
the cellular function is unclear as well (Figure 6.2).
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Figure 6.2: Accumulation of protein sequences of unknown function in the genome
databases. Open symbols indicate the total number of protein sequences encoded in
prokaryotic (blue) and eukaryotic (red) genomes; filled symbols indicate the number of
‘hypothetical’ or ‘uncharacterized’ proteins. The data are taken from the NCBI RefSeq
database; the numbers for 2010 are extrapolated from the first 4 months [266]
Current gene function annotation methods are responsible for the lack of func-
tional annotation. Current (semi)-automated gene function annotation replies on
inferring the orthologous gene function by the sequence similarity search to a set of
model organisms such as E. coli, Bacillus subtilis, Dictyostelium, yeast, fly, worm,
zebrafish, mouse and Arabidopsis [266]. However, transferring gene functions
from one model organism to another genome does not improve the understand-
ing of the ‘unknown’ genes and often leads to confusion and misinterpretation.
The best strategy to understand the gene function is to experimentally charac-
terize them. In the relatively well characterized E. coli K-12 and yeast S. cere-
visiae genomes, there are only 50% of the genes have been experimentally studied
[267, 268]. A great majority of genes in the genome are involved in complex
protein-protein interaction networks and it will be very difficult to characterize
their biochemical activities, biological processes and evolution aspects into detail.
However, it does not mean that it is a waste of our efforts to characterize gene
functions. Instead, dissecting the species specific genes into detail in each genome
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might be the first step to unravel the secret of the organism and will setup the foun-
dation as we are moving forward to the understanding of species-environment,
species-species interactions.
The interaction with environment
The third level of the understanding of our genome is to capture the genome
dynamics. The obtained transcriptome, proteome and epigenome information can
only represent the genome at one particular time point. However, gene expression
and regulation in a genome is constantly changing. A deeper understanding of the
genome requires a detailed collection of biological samples under different growth
conditions, interaction with biotic and abiotic stress and most importantly is our
ability to unwire the connections between genes, species and environments. In
the study of M. larici-populina with infection to poplar leaf, we monitored gene
expression in spore, germ lines and time-course infection of poplar leaves (24, 48,
96 and 169 hours post inoculation) [237]. For example, a huge number of upreg-
ulated Cysteine-rich small secreted proteins (SSP) were identified in the genome
during the infection. Further immunolocalization experiments confirmed the ac-
cumulation of some candidate SSPs in the haustoria and infection hyphae [269].
It will require extra experimental investigation on how the SSP translocate into
the host cell and how they interact with the host recognition system. Furthermore,
in contrast to the static genome sequence we obtained in one genome project, the
genome sequence itself is constantly evolving. In a relative shorter generation
time span, comparing with normal somatic cell genome, cancer genomes accu-
mulate large number of structure aberrations including point mutation, insertions,
deletions, amplifications, tandem duplications, interchromosomal rearrangements
and inversion [270]. An understanding of the correlation of cancers and genome
alterations can help the diagnosis and the treatment for patients. For instance,
lung cancer patients carrying the epidermal growth factor receptor kinase (EGFR)
mutation can benefit from the treatment of the EGFR-inhibitor but such treatment
only cause financial burden to the other lung cancer patients. In a longer evolution-
ary time span, the coevolutionary process between host and pathogene constantly
reshape their genes. Either in the ‘arms race’ model or the ‘red queen’ model,
genes in the pathogen constantly evolve to increase the fitness whereas host genes
also evolve to compete or suppress the pathogen. The two type of coevolutionary
processes will leave distinct DNA polymorphism patterns in the genomes and can
be detected by molecular population genetics methods [271]. However, the grand
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challenge for scientists is how to detect such evolutionary changes in real-time and
transform such understanding into crop improvements and disease treatments.
6.2.2 Survival from the massive data flow – a standardized and
systematic approach
Looking into the future, a state-of-the-art observatory is powered by the solar panel
and is drifting somewhere in the pacific ocean or is self-navigating in the Amazon
forest. This fully automatic observatory harvests the ocean/soil microbials, records
the time and the coordinate position by GPS, measures physical/chemical proper-
ties from the air/soil/water (e.g. osmolarity, temperature, salinity and pH), takes a
3D image of the cell surface, scans this organism by a portable NMR (nuclear mag-
netic resonance) for the internal structure, the LIMS extracts the genomic DNA,
the genome sequence is decoded in real time and the collected information are
transmitted back to the worldwide data processing centers in real time by satellite
(Figure 6.3). These data will flow into the laboratory twenty-four hours a day,
seven days a weeks from different observatories around the world [272]. Soon,
even with largest storage system in the world will be full of unprocessed raw data.
Genome scientists apparently need a good solution to handle this problem. Some
cloud computing advocates argue that the future solution is to put everything onto
the cloud where we can expand out computation power and storage space without
limitation [273]. However, there are more concerns than the raw data itself. The
full power of the genome biology will not be unfolded unless we start to consider
following directions.
Standardized data formats
The first object is to share a standardized data format. The ease of generating a
genome sequence raises the concern of missing high-level description of genome
information. The lack of precise, accurate and useful genome information hinders
researchers to understand each genome and make the best use of it. Therefore,
the Genomic Standards Consortium (GSC)2 compiled a checklist called the min-
imum information about a genome sequence (MIGS) to document the genomics
and metagenomics sequencing projects [274]. The standarized meta-data largely
helps the data exchange and improves the information transparency in existing ge-
nomic databases. However, it is still a burden when we want to integrate genome
2http://gensc.org/gcwiki/index.php/MainPage
139
Chapter 6
Figure 6.3: Miniaturized ecogenomic sensors to measure microbial activity. The sen-
sors could be installed into advanced ocean observatories to monitor DNA and RNA from
diverse microbial communities. Subsystems for monitoring, data management and commu-
nication, and data modeling would be incorporated for data contextualization. The sensors
would report to a worldwide network of laboratories in real time by satellite telemetry [272]
annotation from multiple research institutes. The general feature format (GFF or
gene-finding format) was proposed as a protocol for the transfer of genome/gene
feature information. The tab-value type structure allows researchers to develop
their own features with rich information. However, such format freedom brings
huge problems when each institute starts to build their favorite tab values. It has
never been easy to transfer the GFF file from one institute to another and not to
mention that there exist three GFF versions. It remains a huge effort to convince
each research institute using a standardized format for annotation exchange.
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The next-generation sequencing also challenges our traditional way of present-
ing the sequence in the FASTA format. The introduction of the FASTQ [275] for-
mat seems to handle the large sequence data more efficiently but the ever-changing
FASTQ definition from Illumina sequencers only causes more confusion. In the
meanwhile, the SAM/BAM format [211], is now widely accepted by software
developers and is able to store and transfer large sequence alignment result effi-
ciently. However, with the increasing number of genome resequencing projects,
a standardized format to document structure variations such as chromosome rear-
rangements or copy number variations is still in its infancy [276]. In addition to
this, different microarray manufactures, proteomics instruments and other experi-
mental equipments all generate different file formats and the downstream analysis
software also produces incompatible file formats. The incongruous formats pro-
hibit us to incorporate and compare their results. Although one can argue that it
is the transition stage when we are entering a new research era. There is still an
urging need to setup a data format standard and more importantly, a data exchange
protocol.
Standardized analysis procedure
The second object is to standardize analysis procedure. Molecular biologists
are used to follow standardized methods and protocols when conducting their ex-
periments but it is not so common yet in genome science. The dynamic nature of
this young research field somehow prohibits researchers to make a concrete state-
ment that Method A is outperformed than Method B. Using the legacy sequence
similarity search program BLAST as an example, I personally disfavor the use of
BLAST in the short-read alignment since the designed nucleotide word size does
not favor such short seed and will generate more false-positive hits. The discussion
on whether to use BLAST or not could be endless without a concrete conclusion.
Not to mention a more complicated computation task such as sequence cluster-
ing or phylogenetic tree reconstruction will result in a never ending discussion.
However, in the sequence alignment package, BLAST is still the most popular and
a widely acceptable method among bioinformaticians and biologists. Therefore,
BLAST is the default search engine in the NCBI Sequence Read Archive (SRA)3,
the Community Cyberinfrastructure for Advanced Microbial Ecology Research
and Analysis (CAMERA)4 project and the Integrated Microbial Genomes (IMG)
3http://www.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?
4http://camera.calit2.net/
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system5.
The later two systems - CAMERA [277] and IMG [278] offer somewhat stan-
dardized analysis procedures for marine/soil microbial genomics, metagenomics
and ecology data. According to the input data formats, raw data are feed into anal-
ysis pipelines and a universal information sheet is generated. For instance, a new
sequenced genome in the IMG system provides basic genome sequencing, gene
annotation, gene functional assignment statistics and the precomputed orthologous
groups. Moreover, since all information is stored in the system with the same anal-
ysis procedure, one can compare a set of genes among the selected organisms and
brings the power of comparative genomics. Similar system that offers the standard
analysis procedures but focuses on gene and genome structure comparisons also
existed in Metazoa (Ensembl) [279] and plants (PLAZA) [280]. Such standardized
analysis system allows traditional molecular biologist to access the integrated ge-
nomics data easily with advanced data mining methods and it eventually becomes
an hypothesis-generating platform.
Data integration of the whole biological system
The last object concerns data integration and the analysis of the whole biolog-
ical system. Microbiology and ecology are probably the most unexpected disci-
plines that benefit from the latest large scale genomics data collection. The long
tradition of metadata analysis techniques in ecology already led this research field
to different perspectives with other biologists. Ecologists are used to integrate het-
erogeneous data with temporal, geospatial, physical and chemical information to
address ecological questions. A proposed statistic model can further predict the
genetic drift in the ecosystems. Advances in genome technologies further raise
the power of microbiological and ecological data collection and became a new re-
search field called metagenomics. Ecologists and microbiologists no longer rely
on the external environmental data with limited information of microbial species
diversity. As it is the object of the ‘M5 Platform’ (Metagenomics, Metadata, Meta-
Analysis, Models and Metainfrastructure) the large survey of the microbial organ-
isms composition now allows researchers to perform meta-analysis to understand
their cross-interaction among a broad range of data sources [281]. The Human
Microbiome Project (HMP) shares the similar goal to characterize the microbial
and their host but it focuses on the human body. The HMP aims to understand the
microbial on the human nasal passages, oral cavities, skin, gatrointestinal tract and
urogenital tract. In the initial survey of the human gut microbial community, re-
5http://img.jgi.doe.gov/
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searchers found that the porphyranases and agarases are only presenting in human
populations inhabiting in Japan. Because Japanese consums lots of seaweeds in
their daily diet, seaweeds become a carrier to bring the marine microbial to enter
the human gut. The carbohydrate-active enzymes were therefore transferred from
the marine bacteria to Japanese gut microbiota through the horizontal gene transfer
[282].
The data integration does not longer limited to the sequence-base but will focus
on how to bring these sequences and external information into ‘context’. We need
the improved analysis/management methods to analyses data that are gathered with
spatial and temporal information. For instance, the latest 4D image acquisition and
reconstruction method can monitor the Arabidopsis floral meristem development
and differentiation at single cell resolution. Fernandez and his colleagues [283]
traced the development and movement of one flower cell in 70 hours with the
combination of multidimensional confocal microscopy, computational image pro-
cessing and postprocessing modeling. What if we want to know more about the
detail gene-gene interactions, gene-protein interactions, transcriptonal regulation
and metabolomics process in that particular cell? How can we integrate all these
heterogeneous information? Do we have the proper analysis methods in our hand?
We still have a long way to reach the point that we can fully resolve and understand
the secret of life.
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Summary
This thesis describes several genome-sequencing projects such as those from
the fungi Laccaria bicolor S238N-H82, Glomus intraradices DAOM 197198,
Melampsora laricis-populina 98AG31, Puccinia graminis, Pichia pastoris GS115
and Candida bombicola, as well as the one of the haptophyte Emiliania huxleyi
CCMP1516. These species are important organisms in many aspects, for instance:
L. bicolor and G. intraradices are symbiotic fungi growing associate with trees
and present an important ecological niches for promoting tree growth; M. laricis-
populina and P. graminis are two devastating fungi threating plants; the tiny yeast
P. pastoris is the major protein production platform in the pharmaceutical industry;
the biosurfactant production yeast C. bombicola is likely to provide a low ecotox-
icity detergent and E. huxleyi places in a unique phylogeny position of chroma-
lveolate and contributes to the global carbon cycle system. The completion of the
genome sequence and the subsequent functional studies broaden our understanding
of these complex biological systems and promote the species as possible model or-
ganisms. However, it is commonly observed that the genome sequencing projects
are launched with lots of enthusiasm but often frustratingly difficult to finish. Part
of the reason are the ever-increasing expectations regarding quality delivery (both
with respect to data and analyses). The Introductory Chapter aims to provide an
overview of how best to conduct a genome sequencing project. It explains the im-
portance of understanding the basic biology and genetics of the target organism.
It also discusses the latest developments in new (next) generation high throughput
sequencing (HTS) technologies, how to handle the data and their applications.
The emergence of the new HTS technologies brings the whole biology research
into a new frontier. For instance, with the help of the new sequencing technologies,
we were able to sequence the genome of our interest, namely Pichia pastoris. This
tiny yeast, the analysis of which forms the bulk of this thesis, is an important het-
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erologous production platform because its methanol assimilation properties makes
it ideally suitable for large scale industrial production. The unique protein assem-
bly pathway of P. pastoris also attracts much basic research interests. We used the
new HTS method to sequence and assemble the GS115 genome into four chro-
mosomes and made it publicly available to the research community (Chapter 2
and Chapter 3). The public release of the GS115 brought broader interests on the
comparison of GS115 and its parental strains. By sequencing the parental strain
of GS115 with different new sequencing platforms, we identified several point
mutations in the coding genes that likely contribute to the higher protein transloca-
tion efficiency in GS115. The sequence divergence and copy number variation of
rDNA between strains also explains the difference of protein production efficiency
(Chapter 4).
Before 2008, the Sanger sequencing method was the only technology to ob-
tain high quality complete genomes of eukaryotes. Because of the high cost of
the Sanger method, regarding the other genome projects discussed in this thesis,
it was necessary to team up with many other partners and to rely on the U.S. De-
partment of Energy Joint Genome Institute (DOE-JGI)6 and the Broad Institute
7 to generate the genome sequence. The M. larici-populina srain 98AG31 and
the Puccinia graminis f. sp. tritici strain CRL 75-36-700-3 are two devastating
basidiomycete ‘rusts’ that infect poplar and wheat. Lineage-specific gene family
expansions in these two rusts highlight the possible role in their obligate biotrophic
life-style. Two large sets of effector-like small-secreted proteins with different pri-
mary sequence structures were identified in each organism. The in planta-induced
transcriptomic data showed upregulation of these lineage-specific genes and they
are likely involved in the establishing of the rust-host interaction. An additional
immunolocalization study on M. larici-populina confirmed the accumulation of
some candidate effectors in the haustoria and infection hyphae, which is described
in Chapter 5.
6http://www.jgi.doe.gov/
7http://www.broadinstitute.org/
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List of Computational Biology
Programs
This section includes bioinformatics packages and web sites that are either dis-
cussed in the previous Chapters or are selected to represent the specific analysis
task.
Abbreviation of the program user interface: C: command line tool; G: graphic user
interface; W: web based.
1cm
Sequence similarity search
Programs specialized for the next-generation sequencing reads alignment is listed
in Table 1.2 and the recent review from Li and Nils [59] has more detail informa-
tion on alignment algorithms.
• BLAST (Basic Local Alignment Search Tool) (C;G;W)
The most popular pairwise sequence alignment and database search pack-
age.
http://blast.ncbi.nlm.nih.gov/
• FASTA (C;W)
Popular pairwise sequence alignment and database search package.
http://fasta.bioch.virginia.edu/fastawww2/fastalist2.shtml
• WU-BLAST ( Washington University (WU) BLAST) (C;W)
Sequence Similarity Search using the Washington University (WU) BLAST2
program.
http://www.ebi.ac.uk/Tools/sss/ncbiblast/nucleotide.html
• BLAT (The BLAST-Like Alignment Tool ) (C)
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Fast and accurate alignment for DNA and protein sequences.
http://genome.ucsc.edu/FAQ/FAQblat.html
• MUMmer (C)
Ultra-fast alignment of large-scale DNA and protein sequences.
http://mummer.sourceforge.net/
Splice alignment - aligning cDNA/EST and protein sequence onto genomic
sequence
• Sim4 (C)
Identifying potential exon/intron structure in pre-mRNA by splice site pre-
diction and spliced alignment.
http://globin.bx.psu.edu/dist/sim4/sim4.tar.gz
• GeneSeqer (C;W)
Identifying potential exon/intron structure in pre-mRNA by splice site pre-
diction and spliced alignment.
http://deepc2.psi.iastate.edu/cgi-bin/gs.cgi
• GenomeThreader (C)
In addition to identify splice sites, this program is able to predict the com-
plete gene structure. http://www.genomethreader.org/
Multiple sequence alignment
Kermena et al. [284] has a recent review and outlook of the multiple alignment
methods.
• ClustalW (C;G;W)
A general purpose multiple sequence alignment program for DNA or pro-
teins.
http://www.ebi.ac.uk/Tools/msa/clustalw2/
• MUSCLE (C;G;W)
A fast and accurate DNA or protein multiple alignment program.
http://www.drive5.com/muscle/
• T-Coffee (C;G;W)
Most accurate DNA or protein multiple alignment and is able to use struc-
tural information.
http://www.tcoffee.org/
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• Multiz and TBA (Threaded-Blockset Aligner) (C)
Performing local multiple sequence alignment on the whole genome scale.
http://www.bx.psu.edu/millerlab/dist/multiz-tba.012109.tar.gz
Protein domain database
• InterPro (C;W)
InterPro classifies sequences at superfamily, family and subfamily levels,
predicting the occurrence of functional domains, repeats and important sites.
http://www.ebi.ac.uk/interpro/
• Pfam (C;W)
The Pfam database is a large collection of protein families, each represented
by multiple sequence alignments and hidden Markov models (HMMs).
http://pfam.janelia.org/
Phylogeney
• PHYLIP (the PHYLogeny Inference Package) (C;G;W)
A package of programs for inferring phylogenies (evolutionary trees)
http://evolution.genetics.washington.edu/phylip.html
• PhyML (C;W)
A simple, fast, and accurate algorithm to estimate large phylogenies by max-
imum likelihood.
http://atgc.lirmm.fr/phyml/
• Phylogeny.fr (W)
Robust Phylogenetic Analysis For The Non-Specialist http://www.phylogeny.fr/
• POWER (W)
The PhylOgenetic Web Repeater (POWER) allows users performing phylo-
genetic analysis with molecular data by most programs of PHYLIP package
repeatedly.
http://power.nhri.org.tw/power/home.htm
• TREECON (G)
Constructing and drawing of phylogenetic trees on the basis of evolutionary
distances inferred from nucleic and amino acid sequences.
http://bioinformatics.psb.ugent.be/software/details/Treecon
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Gene prediction
The review paper from Mathe´ et al. [62] provided a detail review of the under-
lying principles of gene prediction programs and Dr. Wentian Li maintains a
comprehensive list of gene prediction programs on his web site (http://www.nslij-
genetics.org/gene/programs.html).
• NetGene2 / NetAspGene (C;W)
Neural network based splice site prediction
http://www.cbs.dtu.dk/services/
• SpliceMachine / FunSip (C)
Splice site prediction using machine learning technique. This program can
be trained to optimize the parameter for a specific organism.
http://bioinformatics.psb.ugent.be/software
• GENSCAN (C;W)
Ab initio gene prediction for vertebrates and Arabidopsis
http://genes.mit.edu/GENSCAN.html
• GeneMark / GeneMarkHMM (C;W)
Ab initio gene prediction for prokaryotes/eukaryotes. Some programs in this
suite can be trained to optimize the parameter for a specific organism.
http://exon.biology.gatech.edu/
• geneid (C;W)
Ab initio gene prediction for eukaryotes. This program can be trained to
optimize the parameter for a specific organism.
http://genome.crg.es/software/geneid/index.html
• N-SCAN / Twinscan (C)
Ab initio gene prediction for mammals.
http://mblab.wustl.edu/nscan/
• Wise2 / GeneWise / GenomeWise (C;W)
Homology based gene prediction program.
http://www.ebi.ac.uk/Tools/Wise2/
• FGENESH++ (C;W)
It is a commercial program for ab initio and homology based gene predic-
tion.
http://www.softberry.com
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• EuGe`ne (C;W)
Combining ab initio and homology information for eukaryotes gene predic-
tion. This program can be trained to optimize the parameter for a specific
organism.
http://eugene.toulouse.inra.fr/
Pathway and controlled vocabulary
• KEGG PATHWAY (W)
KEGG PATHWAY is a collection of manually drawn pathway maps repre-
senting our knowledge on the molecular interaction and reaction networks.
http://www.genome.jp/kegg/pathway.html
• BIOCYC (W)
BioCyc is a collection of 1004 Pathway/Genome Databases. Each database
in the BioCyc collection describes the genome and metabolic pathways of a
single organism.
http://biocyc.org/
• Gene Ontology (GO) (C;G;W)
Using a controlled vocabulary of terms to standardize the representation of
gene and gene product attributes across species and databases.
http://www.geneontology.org/
Combined package
• EMBOSS (The European Molecular Biology Open Software Suite) (C;G;W)
Hundreds of useful, well documented applications for molecular sequence
and other analyses.
http://emboss.sourceforge.net/
Genome assembly
• PHRAP (C)
Phrap is a program for assembling shotgun DNA sequence data.
http://www.phrap.org/
• ARACHENE (C)
Whole-genome shotgun assembler.
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http://www.broadinstitute.org/scientific-community/science/programs/genome-
sequencing-and-analysis/computational-rd/computational-
• Newbler (C;G)
A genome assembly program developed and maintained by Roche Inc. It is
best suitable for the Roche/454 sequence assembly.
• AMOS (C)
A open source genome assembly toolkit.
http://sourceforge.net/apps/mediawiki/amos/index.php?title=AMOS
• CLCbio
CLCBio is a commercial whole genome assembly package.
http://www.clcbio.com/
Protein function and post-translational modification prediction
• SignalP (C;W)
Signal peptide and cleavage sites prediction in amino acid sequences.
http://www.cbs.dtu.dk/services/SignalP
• TargetP (C;W)
Prediction of subcellular location of proteins: mitochondrial, chloroplastic,
secretory pathway, or other.
http://www.cbs.dtu.dk/services/TargetP
• TMHMM (C;W)
Prediction of transmembrane helices in proteins.
http://www.cbs.dtu.dk/services/TMHMM
• PSORTb (C;W)
Subcellular locatization prediction tool.
http://www.psort.org/psortb/
• WoLF PSORT (W)
Protein subcellular localization prediction.
http://wolfpsort.org/
• Phobius (C;W)
A combined transmembrane topology and signal peptide predictor
http://phobius.sbc.su.se/
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• big-PI Predictor (W)
GPI Modification Site Prediction
http://mendel.imp.ac.at/gpi/gpiserver.html
Visualization
• GBrowse (W)
The Generic Genome Browser (GBrowse) is a web based genome viewer.
http://gmod.org/wiki/Gbrowse
• Artemis (G)
Artemis is a stand-alone genome browser and annotation tool that allows
visualisation of sequence features, next generation data and the results of
analyses within the context of the sequence, and also its six-frame transla-
tion.
http://www.sanger.ac.uk/resources/software/artemis/
• GenomeView (G)
GenomeView is a stand-alone next-generation stand-alone genome browser
and editor.
http://genomeview.org/
Programming language with special biological libraries
• BioPerl (C)
A special library for PERL programming language
http://www.bioperl.org/
• BioJava (C)
A special library for Java programming language
http://www.biojava.org/
• BioPython (C)
A special library for Python programming language
http://biopython.org/
• Bioconductor (C)
It is a collection of more than 400 packages using the R statistical program-
ming language
http://www.bioconductor.org/
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• BioRuby (C)
A special library for Ruby programming language.
http://www.bioruby.org/
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